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Abstract 
When a company includes a new technology or innovation into their value proposition, 
customers may perceive it as an enhancement or deterioration. This phenomenon was 
explored in this study with a case study of a present case in the esports industry. 
Research have shown that AI (Artificial Intelligence) technology can be used to predict 
which team is going to win in a match in the esports game DotA 2. A prototype AI 
called Znipe Sense was developed and analyzed during this study to answer the 
question:  How can a predictive AI affect the value proposition of live esports 
consumption? Znipe Sense was included into Znipe Esports’ value proposition during a 
tournament in February 2018. It was observed that Znipe Sense could predict outcomes 
of professional matches with a higher accuracy than human experts. The observations of 
Znipe Sense, an interview with experienced players, interviews with business 
professionals and internal company documents were used as empirical material for the 
analysis. How Znipe Sense affected the value proposition was analyzed through the 
factors: Performance, Ease-of-use, Reliability, Flexibility and Affectivity, also known as 
the PERFA framework. It was concluded that a predictive AI can enhance the value 
proposition of live esports consumption through the Performance and Ease-of-use 
factors, and it would not affect the value proposition through Reliability or Flexibility. 
However, in the analysis of the Affectivity factor it was identified that there is a risk 
related to negative effects of gambling addiction that could deteriorate the value 
proposition.   
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Sammanfattning 

När ett företag inkluderar en ny teknik eller innovation i sitt värdeerbjudande kan 
kunderna uppleva det som en förbättring eller försämring. Detta fenomen undersöktes i 
denna studie med en fallstudie av ett aktuellt fall i esportsindustrin. Forskning har visat 
att AI (Artificiell Intelligens) teknik kan användas för att förutsäga vilket lag som 
kommer att vinna i en match i esports spelet DotA 2. En AI prototyp, Znipe Sense, 
utvecklades och analyserades under denna studie för att svara på frågan: Hur kan ett 
prediktivt AI påverka värdeerbjudandet av live esports konsumtion? Znipe Sense 
inkluderades i Znipe Esports värdeerbjudande under en turnering i februari 2018. Det 
observerades att Znipe Sense var bättre än mänskliga experter på att förutse det 
vinnande laget i professionella matcher. Observationerna av Znipe Sense, en intervju 
med erfarna spelare, intervjuer med affärsfolk och interna företagsdokument användes 
som empiriskt material. Hur Znipe Sense påverkade värdeerbjudandet analyserades 
genom faktorerna: ”Performance”, ”Ease-of-use”, ”Reliability”, ”Flexibility” och 
”Affectivity”, även känt som PERFA-ramverket. Slutsatsen visar på att ett prediktivt 
AI kan öka värdeerbjudandet av live esports konsumtion genom Performance och Ease-
of-use faktorerna, och att värdeerbjudandet inte skulle påverkas genom Reliability och 
Flexibility. I analysen av Affectivity-faktorn identifierades emellertid att det finns en 
risk i relaterat till negativa effekter av spelberoende som kan försämra 
värdeerbjudandet. 
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1 Introduction

The esports industry is still a relative new industry that is based on competitive online
videogames (Southern, 2017; Robbins, 2016). To be more specific, some of the cur-
rently most popular games within esports are the computer games Counterstrike:Global
Offensive (CS:GO), League of Legends (LoL) and Defense of the Ancients 2 (DotA 2)
(Newzoo Esports, 2018). Newzoo Esports (2018) reported that the industry has been
growing rapidly over the past few years and revenue streams are expected to keep grow-
ing from $655 million in 2017 to $906 million in 2018. This estimation includes all
different companies in the industry. The number of spectators — potential customers
for many of the companies — is expected to grow from 335 million in 2017 to 380 million
in 2018 and all the way to 557 million in 2021.

With this new and fast growing industry, companies have tried many different innova-
tions and value propositions to capture a share of the potential market (Robbins, 2016).
Some companies fail and change directions to do something totally different after just
a few months (Robbins, 2016). Companies like Twitch, Azubu, Panda TV, Facebook,
Youtube and Znipe Esports have focused their resources to provide consumers with live
streams of the big competitive tournaments. Their value proposition includes but is not
limited to providing the broadcast sent out by the tournament organizers where they
show the matches, conduct interviews with players and have expert panel discussions.

A new type of innovation has recently emerged but has not yet been extensively adopted
— innovations based on Artificial Intelligence (AI) that can predict which team is going
to win in a match of some esports game. Azubu developed an application that attempted
to predict the winner in a match of the computer game LoL (Fan, 2015). Furthermore,
there are several available academic papers that have tested different technical models
when trying to predict the outcome of a match in the computer game Dota 2 (Hodge
et al., 2017; Yang et al., 2016; Semenov et al., 2016b; Semenov, Romov, Neklyudov,
et al., 2016; Kinkade et al., 2015; Conley and Perry, 2013). However, the number of
publicly available applications for the specific purpose of predicting match outcomes for
professional live tournaments is still limited.

AI is currently a buzzword and needs a clear definition for this study. Russell and Norvig
(2016) defined AI as intelligent agents, computer systems that are able to perform tasks
that require more than just following a set of instructions. Furthermore, they describe an
AI as a system that can perform tasks that normally require human level of knowledge
and reasoning. To achieve this, AI builds on statistical models and techniques from the
field of machine learning. When these models and training techniques are put together in
one system we generally call the system an AI. This is the definition that this study will
follow. In section 5.2, these statistical models and training techniques will be described
in detail.
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1.1 Problem Formulation

We all have probably had a product that included functions and features that we did not
need. For me it was the provider of TV channels that only offered a package of 50-100
special channels when I only wanted about 2 of those. They charged high fees for the
package that I never fully used, until they started to offer personalized packages where
you as customer only selected which channels you wanted and only payed for them.

Unfortunately many organizations fail to create attractive value propositions by listing
the benefits of their products without considering what their customers value (Anderson
et al., 2006). Just because the technology exists that enables any household to receive
all TV channels, doesn’t mean that the customers want all channels or see it as a higher
benefit. The same thing may apply to the esports industry with the new AI technology,
that adding them into the value proposition of live esports consumption may not enhance
the consumers’ perception of the offer.

Chesbrough and Rosenbloom (2002) stated that the creation of a successful business
starts with the creation of an attractive value proposition for the customers. However,
innovative companies may sometimes create innovations where the consumer value is
not clear and the organizations may spend a lot of time trying to find an area of appli-
cation to start getting revenues (Chesbrough and Rosenbloom, 2002). This is not a new
challenge for organizations but there are still a limited number of theories that can help
organizations to assess their value propositions based on new innovations from a cus-
tomer perspective (Demil et al., 2015; Kim and Mauborgne, 2014; Lindič and Marques
da Silva, 2011).

Companies within the esports industry are facing the opportunity to create new or
enhance their current value propositions with the new predictive technology. However, to
avoid the risk identified by Anderson et al. (2006) of providing innovations that customers
perceive as otiose, Lindič and Marques da Silva (2011) argue that companies are in need
of theoretical models to effectively asses their value propositions in a structured way.
The theoretical models may also need adaptation for new industries (Demil et al., 2015;
Kim and Mauborgne, 2014), which is why this study focuses on the assessment of value
propositions based on innovations for the esports industry.

1.2 Purpose

The purpose of this study was to explore value propositions for the new predictive
innovations in the esports industry. This was done with the intention to contribute with
empirical findings to the theoretical field of value propositions based on innovations.
The findings of this study can also be used by managers within the esports industry to
gain a deeper understanding of the relation between innovations and competitive value
propositions.

2



1.3 Research Question

To fulfill the purpose of this study, the following research question was constructed and
answered.

How can a predictive AI affect the value proposition of live esports consumption?

1.4 Delimitations

This study was carried out with a case study design in which a prototype AI was de-
veloped and studied in detail. The motivation for the case study is further described in
section 4.3, and the motivation for developing a prototype is described in section 4.4.
The developed prototype was delimited to only be a proof of concept for the professional
live tournaments of the game DotA 2. This delimitation was made due to the limited
access to data from other games and the limited time of this study only allowed for
development of a small prototype. For the game DotA 2, a large amount of data had
already been collected and was easily available. Previous research had also provided the
source code for their models and datasets that could be used for comparison to increase
the reliability of the prototype in the study.

The prototype was studied only during one tournament, for a total of 48 matches. This
delimitation was made due to the limited time period of this study, in which the selected
tournament of study started right after the first prototype was finished.

Another delimitation is the perspective of the study. Only the value proposition of the
commissioner of this study, Znipe Esports, was studied in relation to the prototype AI.
This delimitation was made due to my limitation to reach other actors that would be
relevant in the case. The close contact I had with Znipe Esports allowed this study to
dive deeper into the phenomena than what would have been possible with another actor
in the industry.

1.5 Commissioner

This study was commissioned by Znipe Esports, a startup company, founded in 2016,
who’s vision is to change how fans follows and watch esports. As of May 2018, they
had 18 full-time employees and some part-time consultants in one office in Stockholm.
They are currently developing a platform called Znipe TV, on which they offer the
Digital Pass for professional tournaments in esports. A Digital Pass is an event ticket
that give consumers acccess to all media produced by the tournament organizer and
the exclisive material produced by Znipe TV together with the all the unique features
provided in the Znipe TV platform. Znipe Esports are currently providing this for the

3



major tournaments of the computer games: CS:GO, DotA 2, Starcraft 2, Hearthstone
and PUBG (Player Unknown Battle Grounds). This is just a short summary and more
details about the esports industry, the tournaments and Znipe Esports’ offering will be
provided throughout this report.

Znipe Esports provided this study with resources such as an office space and compu-
tational power. They also invited the author to attend company meetings where the
company’s goals and strategic direction were discussed, gave the author access to inter-
nal documents about their business strategies and helped with finding contacts in the
industry that could participate in this study.

4



2 The Esports Industry

2.1 The Games

Similar to traditional sports, where the industry is based around the activity performed
by athletes, the esports industry is based around the virtual games that are played.
There are both single-player and multi-player games, where you compete either as indi-
vidual or with a team. There is currently a handful of games that are popular on the
global stage; one of these is the game Defense of the Ancients 2 (DotA 2) within the
MOBA (Multiplayer Online Battle Arena) genre (Newzoo Esports, 2018; Nicole Pike,
2017). Games within the same genre tend to be similar in the structure and rules of the
game. MOBA games let each player in each team select a hero to play when completing
some objective with their team. The first team to complete the main objective wins.
There may also be sub-objectives to complete during the match, to increase the team’s
capabilities to complete the main objective.

2.1.1 DotA 2

Dota 2 is a team-based competitive MOBA computer game. Two teams are facing each
other in each match, playing for either the Radiant side or the Dire side. A match in
DotA 2 starts with something called the picking/drafting phase (Kahn and Williams,
2016). This is the phase where the teams can pick the heroes they want to play in the
current match. The teams can also ban heroes, meaning they can prevent any of the
teams from picking those heroes. The teams take turns in picking and banning heroes
in a sequential order. Each time it is one team’s turn, they need to pick or bans 1-2
heroes before the time runs out and it is the other team’s turn to pick. In the current
version of Dota 2, there are 115 heroes and each team picks 5 heroes and ban 6 heroes.
This means that 22 out of 115 heroes are either picked or banned every match. Each
hero has different abilities, strength and weaknesses, which makes this drafting phase
very complex (McDonald, 2013). Sometimes the choice of heroes can greatly affect the
outcome of the game (McDonald, 2013). It is therefore both hard and important for
a team to understand the consequences that each decision during the drafting phase
implies. Furthermore, the complexity of these games may be one of the reasons why
some people don’t watch esports (Georgen, 2014).

Figure 1 shows what the spectator can see on Znipe TV during this drafting phase. There
is an event stream where they show both what heroes are being picked and banned, as
well as the arena while an expert panel discusses all the decisions the players make. In
the Znipe TV player, a spectator can also see the screen of each player and the Znipe
Sense predictions, which will be explained more in detail in section 5.

After the drafting phase, the execution phase starts where the teams compete to complete
the main objective. The Radiant team’s base is in the bottom left corner of the arena

5



and the Dire team’s base is in the upper right corner of the arena. The main objective
is to destroy the opposing team’s base (McDonald, 2013). In addition to the main
objective, there are sub-objectives that the teams can complete in order to get rewards
and ”power up” their heroes in order to be able to defeat the other team (McDonald,
2013). These objectives include killing the other team’s heroes and destroying their
buildings to gather gold and experience that enable the player to buy items and power
up their hero’s abilities. Completing each objective may require more or less coordination
skills, strategies and teamwork, which is what makes these games a sport.

Figure 1: The spectators view on Znipe TV during the drafting phase of a DotA 2
match.

2.2 Predictive AI for DotA 2

The vast complexity of DotA 2 and the rich amount of available data create several
interesting challenges for AI technologies (Cook et al., 2017). One of the challenges
presented by Cook et al. (2017) is to understand the complexity of the drafting phase:
which heroes are good against other and how to pick the best team of heroes given what
the other team has chosen, to finally be able to predict what team will win based on
picked heroes.

Several researchers have approached this problem with different models to try to achieve
the best predictive model. This task has been attempted for several years with varying
performance of different models (Conley and Perry, 2013; Kinkade et al., 2015; Semenov
et al., 2016b; Yang et al., 2016; Hodge et al., 2017). The predictive accuracy of the
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models in these papers reaches from around 55% up to 73% by Kinkade et al. (2015).
With such a performance on a binary predictive task that may not sound very good, but
in the case of outcome predictions in DotA 2 it is state-of-the-art. These models will be
described more in detail in Section 5.

Although outcome predictions of DotA 2 games based on the hero picks have been
a research task for several years, there is still no available application that performs
these predictions on live games. Previous researchers have downloaded big datasets
and performed their tests on that dataset. Maybe it is because they do not fulfill the
identified factors of motivations and needs of the audience above? Maybe it is because
no company feels it is their claim or task to develop it? Maybe it is because it is not
possible to do live? The applications that can only predict outcomes may not be of the
most interest. However with a bit of modification, the algorithms may be possible to
enhance the experience for audience. This is what has been investigated in this study.

2.3 The Actors

The esports industry has for several years in a row experienced a rapid growth and it is
still growing (Newzoo Esports, 2018). There are millions of players and the number of
viewers is growing by millions every year, as well as the industry revenues. There are also
many new actors entering the market at all times (Newzoo Esports, 2018; Nicole Pike,
2017; Robbins, 2016).

Robbins (2016) created an esport landscape to group hundreds of actors together in cat-
egories for easier understanding. He suggested 6 main categories with varying numbers
of sub-categories, shown in Figure 2. Some companies may be in several categories at
the same time. For example, key players around DotA 2 are: Valve, the publisher of
the game; the game itself; the teams that play the games; and Steam, the distributor.
Another category is the platforms and infrastructure where you find actors, such as ESL
and Dreamhack, that organize big competitions.

Robbins (2016) highlights that in an industry that is growing so rapidly, this landscape
can change over just a few months. However, this is the last landscape that he made
and it is hard to find any other landscape mapping with the same holistic and detailed
perspective. Some of the companies in Figure 2 may not be in business anymore but
many of them still are and in similar categories (Newzoo Esports, 2018; Nicole Pike,
2017; Roy Elishkov, 2017).

2.3.1 Znipe Esports

The commissioner of this study, Znipe Esports, can be mapped into a few of the cat-
egories in the esport landscape in Figure 2. Znipe Esports’ goal is to provide the best
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Figure 2: The esport landscape July 2016 (Robbins, 2016).
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premium digital arena experience a consumer can get. They are currently developing
Znipe TV, a customizable stream player with unique features that competitors do not
have. The player can be seen in Figure 1. It enables the spectator to customize the
view by watching several players’ perspective at the same time. The spectator can also
rewind and replay on their own to watch some special event and afterwards easily catch
back up to live.

The Znipe TV player can be seen as a part of the streaming sites sub-category in the
esport landscape in Figure 2. This places them next to Facebook, Youtube and Twitch
(owned by Amazon), three huge competitors in terms of resources. Twitch has for a long
time been the go-to platform when watching esport streams (Mitchell, 2016; Kaytoue
et al., 2012). One big difference between Twitch and Znipe TV is that Znipe TV delimits
the content to only the big tournaments. On Twitch, any player can create a stream of
their own screen while practicing or watching and commenting on a tournament match
(Pires and Simon, 2015; Deng et al., 2015). That is, the content on Twitch is crowd-
sourced, whilst Znipe TV control their own premium content.

Apart from the Znipe TV player, Znipe Esports also provide the spectators with some
news and editorials of highlights from tournaments. They also maintain their own sched-
ule of the games and keep the results of the matches up to date. These services place
Znipe Esports in other sub-categories of the esport landscape, e.g. news, game highlights
and schedule. All these services are packaged into a service product called a Digital Pass,
which is described more in section 6.8.2. So far, the Digital Pass at Znipe TV is the
first known premium esports experience product since their launch in March 2018.
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3 Literature Review

In order to get a deeper understanding of how value propositions can be analyzed, a
literature study was conducted. This section will first describe general theories about
value propositions and customer value in order to give the reader a deeper understanding
of the concepts. Thereafter, frameworks for analysis of value propositions are presented
together with more specific frameworks about what consumers of esports value.

3.1 Value Proposition and Customer Value

Zeithaml (1988) is one of the most cited papers when it comes to what customers value.
Zeithaml developed a model for understanding of consumer value. It was focused around
the price, quality and value of products and how these factors affect each other. The
model shows causal links between how consumers perceive value of products and their
purchase of them. The study investigated value from the consumer’s perspective instead
of deferring value from the companies’ costs and processes. One of the main findings was
that consumers’ perception of value is highly subjective and may vastly differ. Zeithaml
(1988) presented four perceptions of value that he propose researchers and managers to
be highly aware of when developing models for consumer value:

1. Value is low price

2. Value is whatever I want in a product

3. Value is the quality I get for the price I pay

4. Value is what I get for what I give

The second and fourth presented perception indicate some kind of trade-off that does not
necessarily indicate a dependency on money. Apart from that, these perceptions connect
value to both economic factors and the customers’ needs. The study also indicated that
the price of a product and the consumer value are not always the same.

Around the same time, Lanning and Michaels (1988) started research around customer
value proposition (Frow and Payne, 2011). The value proposition was a way of defining
what value was offered to the company’s customers (Lanning, 1998). Lanning defined
value as the resulting experiences customers derive by doing business with the organiza-
tion, compared with competitors’ alternatives. This definition of value does capture the
same characteristic as the one of Zeithaml (1988), that value is subjectively experienced
by the customers. Lanning (1998) further adds that it may also be relative to alternative
offerings from competitors.
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In the millennial shift, Bowman and Ambrosini (2000) build on the study of Zeithaml
(1988) and separated the term customer value into two categories, use value and ex-
change value. They define use value to be the subjective perception of value from the
buyer’s perspective, whilst exchange value refers to the price, ”the monetary amount re-
alized at a single point in time when the exchange of the good take place” (Bowman and
Ambrosini, 2000, p. 3). This distinction of customer value not only separated the term
into factors of value, but also created a temporal distinction. Bowman and Ambrosini
(2000) argued that use value is associated with value creation, which is the process a
company does with their accessible resources. After transforming the resources, i.e. cre-
ating use value, the product or service is sold to a consumer or another company where
the exchange value is realized. The realization of exchange value is what they call value
appropriation.

There are other perspectives on value creation in research as well. Both Amit and Zott
(2001) and Mizik and Jacobson (2003) take the perspective from the firm and value
chain rather than from the perceived usefulness of customers. They built their study
on Porter’s value chain framework and the value definition: ”the amount buyers are
willing to pay for what a firm provides them” (Amit and Zott, 2001, p. 503). They
suggested that value is created by differentiation along every step in the value chain,
through activities that lower buyers’ costs or raise buyers’ performance. That is similar
to the concept of exchange value and use value by Bowman and Ambrosini (2000),
except that it’s seen from the firm’s perspective. Amit and Zott (2001) also argue
that their study indicated that no single previous framework should be given priority
when examining value creation potential. Mizik and Jacobson (2003) state that value
creation and value appropriation are the two fundamental processes that a company
performs with their limited resources, and that financially successful companies can
balance these two successfully. Value appropriation is also called value capture and is
about how to sell the created value, similar to the concept of exchange value (Priem,
2007; Mizik and Jacobson, 2003; Bowman and Ambrosini, 2000). Furthermore, Mizik
and Jacobson (2003) suggest that value appropriation is more important than value
creation, whilst Priem (2007) argues that value creation is a pre-condition for a successful
value appropriation.

Anderson et al. (2006) conducted research with an inductive approach on how to create
a successful customer value proposition. They argued that organizations typically adopt
one of three different approaches to develop their value propositions, where one was
superior to the others. The three approaches were named: All benefits, Favorable points
of difference and Resonating focus. The first approach, All benefits, was when the man-
agers just listed every benefit that they thought they delivered to their customers. The
drawback of that approach was that they did not consider if their customers really value
every benefit or how it was compared to competitors. The second approach, Favorable
points of difference, did consider how the organization’s offering differed from competi-
tor’s alternatives but was missing if every point was valued by their customers. The
last and preferable approach, Resonating focus, considered the offering in comparison
with competitors and focused on what customers actually value. With their empiri-
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cal evidence, they strengthen the research of Zeithaml (1988) that customer value is
highly subjective and the research of Lanning (1998) with the importance of considering
competitors.

Priem (2007) further emphasizes that use value is highly subjective. He conducted
research around why willingness to pay differs among consumers and built upon the
theories of use value by Bowman and Ambrosini (2000). Priem (2007) suggests that
value creation from a consumer perspective is about increasing use value and/or re-
ducing exchange value. Additionally, he states that value creation involves innovation
that establishes or increases the consumer’s valuation of the benefits of consumption.
Similarly, Johnson et al. (2008) state that customer value is created if a company has a
solution for an important fundamental problem in the customer’s context, as the solu-
tion to an important problem for the customer can be seen as highly beneficial for the
customer.

Priem (2007) proposes that one way of creating value that consumers are also willing to
pay for is to leverage their human capital. There are different types and approaches of
human capital described in the paper, all related to how much the consumer is invested
in a product. For example, human capital is built through accumulation of consump-
tion experience. Each consumption experience may get the consumer more used to
consuming the products and even increasing the likelihood of the consumer sharing the
experience with some new potential consumer. Another type of human capital described
is knowledge. If the consumption of a product involves that the consumer learns through
each consumption experience, the consumer value and the willingness to pay increase
(Priem, 2007).

Lepak et al. (2007) broadened the concepts and definitions of Bowman and Ambrosini
(2000) by taking a multi-level perspective, meaning that not only may the target con-
sumers have subjective perceptions of use value, but the same person may impersonate
several target consumers. One person may have different perceptions of use value de-
pending on who the person is representing and in what context the product or service is
offered. Lepak et al. (2007) suggest Society, Organizational and Individual, as perspec-
tives for analysis. These perspectives can be important to consider when approaching
consumers and their valuation of a product or service.

3.2 The EFES Framework

Rintamäki et al. (2007) proposed four broad categories of what can be valuable for
a consumer in the retail industry. With the categories economic, functional, emotional
and symbolic, they developed a framework for identifying competitive value propositions
within the retailing industry. Although this study is within another industry, there are
still learnings that can be taken from Rintamäki et al. (2007). The four distinct cat-
egories of value can make the process of creating a value proposition easier within a
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complex industry with many possible target consumer groups. The economic and func-
tional value category are intuitive and aligned with the findings of the four perceptions
identified by Zeithaml (1988). However, the emotional and symbolic value can be con-
sidered as new dimensions of consumer value. Rintamäki et al. (2007, p. 627) use the
following definition of emotional value: ”perceived utility derived from an alternative’s
capacity to arouse feelings or affective states”, meaning that the user experience of a
product or service affects the consumer’s perceived value. The symbolic value is related
to the social aspect of a product meant to convey a meaning to the receiver (Rintamäki
et al., 2007). A typical example of this in today’s society is the concept of ”green
products”, which is usually products that are manufactured with an environmentally
sustainable process. If a consumer buys or uses these products it can communicate to
others that the consumer cares about the environment.

Rintamäki et al. (2007) argue that a competitive value proposition can be developed
and tested through identifying which of these categories the consumers of a company’s
product cares about the most. For example, if consumers only care about the functional
value of the products the company should focus on smart and convenient solutions for the
consumers. If consumers cares about both emotional and functional value, the company
should focus on developing the best customer experience.

3.3 The PERFA Framework

With the motivation of the importance of developing competitive value propositions,
Lindič and Marques da Silva (2011) continued the work of Anderson et al. (2006) and
several other scholars. Lindič and Marques da Silva (2011) decomposed value proposition
into five factors with the abbreviation PERFA: Performance, Ease-of-use, Reliability,
Flexibility and Affectivity. They developed the framework, summarized in Table 1, from
a multiple case study on products and services by Amazon.com. However, Payne et al.
(2017) criticized them for not having apparent theoretical grounding for all factors. On
the other hand, the framework proved to be of practical use when explaining successful
value propositions in their case study of Amazon.com (Lindič and Marques da Silva,
2011). As Amazon provided digital services it may be seen as proximate to the industry
of esports and could still be useful and interesting for this study.

Although the PERFA framework has been criticized for its weak theoretical grounding,
it is in line with most of the previous research mentioned here. As stated in Table 1,
the performance factor is partly about the ability to meet the customers’ needs. This
can be related to the early work of Zeithaml (1988), where one of the perceptions was
that the products include whatever the customer wants. Furthermore, the profitability
part is related to the concept of value appropriation (Priem, 2007). The ease-of-use
factor is in line with the research of Bowman and Ambrosini (2000) and Priem (2007).
They proposed that exchange value is not only monetary; it can also be the effort a
customer needs to put down to consume the product. Anderson et al. (2006) pointed
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Table 1: The PERFA framework by Lindič and Marques da Silva (2011).

Factor Description

Performance The company’s way of working in order to serve their cus-
tomers and being profitable. Depending on the type of prod-
uct, performance can also be measured through technical per-
formance and the ability to meet the customers’ needs.

Ease-of-use The degree to which consumers perceive the use of product to
be effortless. This include the ease of search and acquisition,
usability, personalization, service and support. The easier the
innovation is to use, the more the effort cost for users is re-
duced, thereby increasing the consumer value.

Reliability The ability of the product to perform according to its speci-
fications. It can for example be measured as the stability or
accuracy of a product or service.

Flexibility The organization’s ability to change as a response to environ-
mental changes. If an organization gets dependent on a spe-
cific type of architecture or structure with the new innovation,
the flexibility of the organization may become low. With low
flexibility it may become hard for an organization to maintain
or continue to increase the customer value proposition.

Affectivity The feelings or emotions that customers associate with the
company through the consumption of their products or ser-
vices. An emotional bond with the company can increase the
consumer value.
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out that it is also important for companies to be able to show that they can deliver what
they promise, which is what the reliability factor essentially is about. The affectivity
factor is overlapping with the emotional category of Rintamäki et al. (2007). Finally,
the flexibility factor has not been represented in the studies previously presented here.
However, the framework has major theoretical grounding for this factor from industrial
dynamics research from renowned researchers such as Porter. It is also reasonable to
believe that a company can benefit from avoiding dependence on a structure that may
be difficult to change.

3.4 The Resource Configuration Framework

Amit and Han (2017) proposed the resource configuration framework of value creation,
specifically adapted for digitally empowered companies. Their framework takes a new
perspective on needs and resources. They view all companies and customers as co-
creators, who has needs and resources. The focal firm, the organization that is develop-
ing a value proposition, utilizes resources and with their processes addresses a need of
some co-creator. By addressing someone’s need, the company can gain other resources
in return such as the customer’s money. Each combination of utilized resource and ad-
dressed needs can create a new value proposition and thereby new business opportunities
for the focal firm.

Figure 3 shows the conceptual framework proposed by Amit and Han (2017). A V-C
is a value co-creator, R is some resource, N is some need and F is the focal firm. The
circles illustrate the heterogeneous space of needs and resources and they can also differ
in size depending on the industry. Through the use of this conceptual framework, Amit
and Han (2017) argue that companies can possibly find new combinations of resources
to address the same or new needs within their industry. Each combination is what they
call a resource configuration.

Amit and Han (2017) presented four different types of resource configurations. Figure 4
A shows the firm that creates a product or service that addresses the customer’s needs
N1, using some resources RF and in return obtaining the customer’s resource R1 i.e.
money to address the firm’s need NF of economic growth. Figure 4 B show the example
collaborator type, who partners with other co-creators to deliver some greater system to
consumers. Together they address the need of the consumer and gain separate returns
from the consumer. Type C and D have been increasingly enabled through digitization
(Amit and Han, 2017). The C firm is the firm that connects users. Amit and Han (2017)
give a crowdsourced lending platform as an example, where users are co-creators who
need a loan or economic growth and the platform enables these co-creators to connect
and trade resources for others’ needs. Finally, type D is the kind of value proposition
Facebook currently provides. They use their resources of knowledge, computing power
and technology to create a social platform that satisfies some people’s needs. When
the users use the platform, they provide their resource of information and data that
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Figure 3: The resource configuration concept by Amit and Han (2017).

Facebook can sell to advertisers and other companies who need it.
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Figure 4: Different types of resource configurations suggested by Amit and Han (2017).

3.5 What Spectators Value

The review of literature on value creation and value proposition emphasized the impor-
tance of knowing what the customers actually need and value (Amit and Han, 2017;
Lindič and Marques da Silva, 2011; Rintamäki et al., 2007; Lepak et al., 2007; Priem,
2007; Anderson et al., 2006; Bowman and Ambrosini, 2000; Zeithaml, 1988). Further-
more, the fact that the perception of use value is highly subjective requires companies
to know who their customers and co-creators are (Amit and Han, 2017; Bowman and
Ambrosini, 2000). Therefore, this section will present the previous research on what
type of consumers of esports exist, as well as what they value.

Newzoo Esports (2017) investigated the demographics of the esports audience during
2016. They categorized viewers as enthusiasts or occasional viewers. Out of 191 million
estimated enthusiasts, 71% were men and about 50% were men and women in the ages
21-35. They also estimated the total number of unique occasional viewers to 194 million,
meaning a total audience of almost 400 million unique persons. Focusing on males in
the ages of 21-35 would reach about 72 million enthusiasts and 52 million occasional
viewers on the global market. Although this is a big audience, there is a big audience
outside this demographic as well. This may be an important aspect to consider for the
companies in the esports industry when creating value for the audience.
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3.5.1 Personas

Cheung and Huang (2011) developed personas of the esports spectators. They used
both previous user studies on sports and esports spectatorship, together with 127 own
collected spectator stories from different forums. Their study resulted in nine different
personas which are summarized in Table 2.

Cheung and Huang (2011) also noted that three different forms of information asymme-
try in the games are enhancing the spectator experience for the personas. First, infor-
mation that the spectator knows but not player, such as the location of every player in
the opposing team, can hint that something is about to happen which creates a higher
level of thrill. Second, information that the player knows but not the spectator, e.g.
the team’s strategy that the spectator can learn by watching the team play. Finally,
information that is not known by anyone, for example random events in the game that
create a thrill for both players and spectators.

3.5.2 The MSSC Framework

There is a limited number of public studies of what consumers of esports need. The
closest available are studies about why people watch esports and traditional sports.
Trail and James (2001) developed the Motivation Scale for Sport Consumption (MSSC)
framework after criticizing the validity of previously adopted frameworks Sport Fan Mo-
tivation Scale (SFMS), Motivations of the Sport Consumer (MSC), and Fan Attendance
Motivations (FAM). The MSSC framework has been tested by several researchers and
both accepted and adopted by both the sports and esports industry (Pizzo et al., 2017;
Lee and Schoenstedt, 2011; Cheung and Huang, 2011; Hamari et al., 2017; Curley et al.,
2016; Cianfrone et al., 2011).

The MSSC framework by Trail and James (2001) consists of 10 factors that explain
why a person may consume a traditional sport. These factors are presented in Table
3. These factors have been verified to hold for spectator consumption of esports as well
in several studies (Lee and Schoenstedt, 2011; Pizzo et al., 2017; Hamari et al., 2017;
Curley et al., 2016). Hamari et al. (2017) concluded that escapism and enjoyment of ag-
gression associated positively with esports consumption, whilst asthetics was negatively.
Furthermore, both Curley et al. (2016) and Hamari et al. (2017) found that knowledge
and novelty had positive associations. Curley et al. (2016) explain that the difference
may be because they studied one game and Hamari et al. (2017) studied the overall
esports audience.
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Table 2: The 9 personas by Cheung and Huang (2011).

Title Description

The Curious Focuses his or her attention on knowledge gaps about the game. As
long as there is something that is incomprehensible and that can
be discovered by spectating, the experience remains engrossing and
consumption is continued.

The Inspired After spectating, the Inspired is eager to play the game him-
self/herself. Sometimes it is to try the same strategies that they
witnessed; sometimes the enthusiasm is more broadly directed at the
game itself.

The Pupil Wants to understand the game and the techniques of the players.
However, what distinguishes the Pupil is the emphasis on translating
knowledge to practice. The Pupil‘s question is not merely —How did
he do that?- it is also: How does this information change how I play?

The Unsatisfied Sees the act of spectating as a weaker substitute for the activity he or
she would rather do. Overall, the spectating experience is inadequate
because, for example, the Unsatisfied would rather be playing the
game.

The Entertained For these, watching affords the experience of playing without the
stress. The Entertained watches for entertainment, much like a per-
son watches a television show or movie.

The Assistant The assistant acts as a second pair of eyes, giving the player reminders
about what to do and alerts about key events that may have gone
unnoticed.

The Commentator Both spectator and a performer. He or she shapes the viewing ex-
perience of other spectators by providing a running commentary of
the game. A commentator is capable of conveying excitement and
emotion that draws the crowd in to similar emotional reactions to
the game.

The Crowd The social watchers, they enjoy watching and experiencing the games
together. They work together to produce an enjoyable experience
through discussions and cheering.

The Bystander The least engaged of the spectators. , he or she is exemplified by
an outsider perspective. They have little or no understanding of the
mechanics of the game and are mainly watching because someone else
made them.

19



Table 3: The 10 factors of MSSC (Hamari et al., 2017; Curley et al., 2016; Trail and
James, 2001).

Factor Description

Vicarious achievement The need for social prestige, self-esteem and sense of em-
powerment that an individual can receive from their as-
sociation with a successful team. Supported by (Hamari
et al., 2017; Curley et al., 2016)

Aesthetics The artistic appreciation of the sport due to its inherent
beauty

Drama The need to experience pleasurable stress or stimulation
gained from the drama of the event.

Escapism The need to find a diversion from work and the normal,
unexciting activity of everyday life.

Acquisition of Knowledge The need to learn about the game and the team or players
through interaction and media consumption. Supported
by (Georgen, 2014; Hamari et al., 2017; Pizzo et al., 2017)

Skills of the participants The appreciation of the physical skill of the athletes or
the well-executed performance of the team

Social Interaction The need to interact and socialize with others of like in-
terests to achieve feelings that one is part of a group

Personality of the play-
ers/athletes

The enjoyment related to the players personality and
physical attraction.

Novelty The enjoyment and excitement related to seeing new play-
ers and teams in the sporting scene.

Enjoyment of aggression The enjoyment derived from witnessing the aggressive be-
havior, macho attitudes and hostility exhibited by play-
ers.
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4 Methodology

4.1 Research Paradigm

In order to not make the mistake of thinking that everyone thinks of something the
same way, when conducting research it is important to be clear on our assumptions and
how we understand the world (Greener, 2008). A research paradigm is a set of shared
beliefs about axiology, ontology and epistemology (Dudovskiy, 2017; Greener, 2008).
Axiology is about what the researcher values, if the aim of the research is about explain-
ing, predicting or understanding the world (Dudovskiy, 2017). Ontology refers to our
view of reality. Interpretivism argues that reality only exists subjectively in our minds,
meaning that there is no objective reality, whilst positivism argues that there is just one
objective reality that exist outside our minds (Dudovskiy, 2017; Greener, 2008). Finally,
epistemology defines what sources of data we classify as knowledge, where positivism
only sees objectively observed data as true sources of knowledge and interpretivism ac-
cepts subjective underlying thoughts and views (Dudovskiy, 2017; Greener, 2008). Pos-
itivism and interpretivism are two mutually exclusive extremes of research paradigms
that guide researchers of how to perform their research (Dudovskiy, 2017). Positivist
research often applies a quantitative approach and performs statistical tests, whereas
interpretivist research often applies a qualitative approach (Greener, 2008). However,
some researchers have argued that some research requires another set of belief that is
somewhere in between these two extremes and more paradigms have been developed and
defined (Morgan, 2014; Ihuah, Eaton, et al., 2013; Saunders, 2011; Creswell and Clark,
2007).

This study takes the view of the pragmatism paradigm, which has been described as
a paradigm that is somewhere between the positivism and interpretivism (Dudovskiy,
2017; Morgan, 2014; Ihuah, Eaton, et al., 2013). The biggest difference is that instead of
defining general beliefs that guide the research, pragmatism focus more on adapting its
beliefs depending on each research question (Dudovskiy, 2017; Morgan, 2014). This flex-
ibility has made the pragmatism paradigm useful when doing multi-discipline research,
where each research question may need different philosophical grounding (Morgan, 2014;
Saunders, 2011; Creswell and Clark, 2007). As this study crosses between the discipline
of computer science and industrial management, this flexibility was deemed to be useful.

Morgan (2014) noted that pragmatism has been criticized for not taking a stand with the
metaphysical assumptions related to ontology and epistemology. Researchers mean that
it is hard to interpret pragmatism research without understanding their view on these
metaphysical factors. However, Morgan (2014) argues together with other researchers
that the pragmatism paradigm has taken another approach and it does not have general
assumptions about these; they vary depending on the research questions and aims of the
research. On the other hand, other researchers have also presented somewhat general
beliefs for pragmatism axiology, ontology and epistemology (Dudovskiy, 2017; Ihuah,
Eaton, et al., 2013; Saunders, 2011). The axiology has been described as the researcher’s
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values do play a role when making decisions and interpreting results but they try to stay
as objective as possible (Dudovskiy, 2017; Ihuah, Eaton, et al., 2013). The ontology can
take different perspectives depending on what is believed to best answer the research
questions (Dudovskiy, 2017; Ihuah, Eaton, et al., 2013). Finally, the epistemology can
be both objective and subjective where focus is on practical applications and the merging
of the views help to interpret the data (Dudovskiy, 2017; Ihuah, Eaton, et al., 2013).

The general beliefs of ontology and epistemology for the pragmatism paradigm imply
that the research has to define its own philosophical view for each of the research ques-
tions. The ontology belief about the research question of this study is much like the one
of interpretivism, that the sought reality exists subjectively in our minds (Dudovskiy,
2017). As Anderson et al. (2006) argued, more functions in a product do not necessarily
enhance the value proposition; it depends on how the customers perceive the value of
the functions. However, it is believed in this study that there are objective facts such as
functions, costs, system compatibility and technical performance that affect value cre-
ation without the social actors. Therefore, the epistemology for this question is believed
to exist both subjectively in the consumer’s minds and objectively in the product itself.

4.2 Research Approach

The research approach describes a holistic view of the process of research (Saunders,
2011). The two most common approaches are inductive and deductive. The inductive
approach starts with observations or tests and tries to find patterns that can be connected
to existing theory or build a new theory, whereas the deductive approach starts with
a general theory, generating some hypothesis, conducting observations or tests that
in the end can confirm or reject the hypothesis (Dudovskiy, 2017). There is also an
alternative approach called abductive, which was developed to address the weaknesses
of the inductive and deductive approach (Dudovskiy, 2017). However, Dudovskiy (2017)
recommends to stick to one of the traditional approaches for simplicity.

This study took an inductive approach, to build on existing theories with more empirical
evidence. In the literature review it was identified that there were limited number of
studies on value propositions for live esports consumption. Furthermore, the theories
and frameworks that were found were not deemed to be directly applicable to predictive
AI innovations and the value propositions of live esports consumption. Therefore, an
inductive approach seemed appropriate to generate empirics of both a predictive AI for
live matches, more views on value propositions in the industry and how it is affected by
the predictive AI. Following the inductive approach, these empirics could be analyzed
and connected to the frameworks identified in the literature review to further strengthen
them or build upon them.
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4.3 Research Design

Some scholars only distinguish between quantitative and qualitative as research designs
whereas others have more specific types (Dudovskiy, 2017; University of Southern Cali-
fornia, 2018; Greener, 2008). This study follow the definition that a research design is the
overall strategy or plan of how the research aims to answer the research questions (Du-
dovskiy, 2017; University of Southern California, 2018). A clear research design can help
the researcher to ensure that the research problem will be effectively addressed (Univer-
sity of Southern California, 2018). Moreover, it can help to communicate the structure of
the research with commonly known concepts among other researchers (Saunders, 2011).

The research design for this study was chosen to be an exploratory case study. A case
study is advantageous when there is limited knowledge about the phenomena and one
seeks understanding of a complex issue (University of Southern California, 2018). The
limited research and commercial examples of predictive AI for live professional DotA 2
matches in this case resulted in the decision to develop a new prototype for this study.
According to the pragmatism paradigm it was deemed that the predictive AI for DotA 2
should be studied in its completely natural and unchanged environment to give a deeper
understanding of the real-life phenomena. Furthermore, the flexibility of methods that a
case study allows for was considered to be needed when mixing the social science of value
propositions and the computer science of AI. Therefore, a case study seemed appropriate
for this study.

As with any research design, there are consequences of using a case study research design
(University of Southern California, 2018). It has a limited ability to generalize its findings
to other cases. With a qualitative approach, it is also hard to replicate the results of
the study, further enforcing the subjectiveness of the study. Furthermore, a qualitative
study will be heavily dependent on instrumentation for measurement and observation.
However, if these limitations are known and understood by the researcher it can be
controlled and should be used to develop a more focused in-depth study (University of
Southern California, 2018; Dudovskiy, 2017). These limitations have been controlled
by not trying to answer or disprove a hypothesis, including more than one perspective
in the analysis to give a nuanced discussion and describing the process and methods as
detailed as possible.

4.4 Research Process

This study was divided into two phases. During the first phase the Znipe Sense — a
prototype predictive AI for live professional DotA 2 matches — was developed. There-
after, the research focused on how the Znipe Sense affected the value proposition of
esports consumption. The second phase could have been conducted without a proto-
type. However, according to the pragmatism paradigm and in line with the research
design, it was deemed desirable to analyze this with a working prototype in its natural
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target environment. As AI is currently a buzzword for talking about smart systems that
are capable of anything, there was a risk of speculating unrealistic solutions without a
real prototype. Therefore, the Znipe Sense also served as a mitigation of the risk to
become unrealistic in the analysis of this study.

4.4.1 Phase 1 - Prototype Development

At the start of this study it was not known if it was possible to develop a predictive AI
for the live scenario. Semenov, Romov, Neklyudov, et al. (2016) had indicated that it
may be hard to get real-time data, and none of the previous research that was found had
either tested their models on live matches nor shown that it would be possible to retrieve
the required data for a live match. Furthermore, no publicly available commercial or
non-commercial predictive AI application for live matches was found. As it was deemed
to be most appropriate for the research questions to analyze an AI that was working for
the live matches, it was necessary to start this study with the investigation whether it
was possible or not. With only a few web searches it was identified that it is possible to
retrieve the data (Valve Developer Community, 2018). Thereafter, a prototype needed
to be developed in order to have an application that could be used and analyzed for this
study. The prototype was developed by the author of this thesis during this phase of the
study which started in December 2017 and was finished by the end of February 2018.

One of the most important resources required when developing a successful AI is the
amount of data available (Goodfellow et al., 2016). Therefore, one of the first objectives
was to try to find a dataset that could be used for training the AI. Both an older dataset
and one that was collected in this study were used.

The next step of developing a prototype was to try to replicate previous studies. As
previous research had shown promising predictive results, it was a good starting point to
be able to run the same models on the data collected in this study. Replicating results
from previous studies would also give a way to benchmark the Znipe Sense against models
from previous research. Additionally, the replications served as a way of learning the
context, understanding the models’ strengths and limitations that the development of
the Znipe Sense could leverage upon.

The development of the Znipe Sense followed an iterative process of development and
benchmarking. Thereafter, a simple user interface was developed to be able to present
the Znipe Sense predictions to the consumers. Finally, Znipe Sense was observed live
in February during the ESL One Katowice 2018 tournament (ESL One Katowice 2018).
Further details about the development and software will be provided in section 5.
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4.4.2 Phase 2 - Value Proposition Research

This phase of the study started with a literature review. Many setbacks caused the
research to change between a broad range topics. Topics such as stakeholder analysis,
diffusion of innovation, technology acceptance, product development, the efficient market
hypothesis, value creation and value propositions were researched. Finally after several
weeks of research, the final direction of value propositions was chosen. It was found that
there were already existing studies and frameworks on what consumers like to see in
esports, such as the MSSC and personas frameworks (Hamari et al., 2017; Cheung and
Huang, 2011). It was deemed that these frameworks could be used instead of asking
new consumers that may have given the same or very similar findings. Furthermore, the
PERFA and the Resource Configuration framework were deemed to give this study the
tools to answer the research question on a more functional and managerial level than just
focusing on the consumers’ needs (Amit and Han, 2017; Lindič and Marques da Silva,
2011).

In parallel with the literature review, observations of internal strategy meetings as well
as unstructured and semi-structured interviews with employees at Znipe Esports were
conducted. This allowed me as researcher to understand the esports industry and Znipe’s
current value proposition quickly. All of these will be further described in section 4.5.2.3.

As Anderson et al. (2006) highlighted the importance of comparing a company’s value
proposition with the competitors’, competitors and substitutes were sought to be ana-
lyzed. None of the identified competitors (Twitch, Facebook, Panda TV, Youtube and
Azubu) provided anything similar to Znipe Sense for DotA 2 matches and the closest
substitute was identified to be the expert panel discussions from the organizer’s event
stream. Therefore, the panel discussions were observed and transcribed during the tour-
nament ESL One Katowice (2018). With these observations, the study could compare
what was included in the previous value proposition with what the new value proposition
with Znipe Sense added.

In order to get a deeper understanding of the consumer’s perspective, a semi-structured
interview with two experienced DotA 2 players was conducted. Znipe Sense was pre-
sented during the interview and discussions were based around the innovation. This
interview also provided the consumer’s perspective on the esports industry. The motiva-
tion for interviewing both of the experienced players in one interview and the structure
of the interview is further described in section 4.5.2.3.

As the inductive approach suggests, the empirical findings from both the observations
and the interviews were then analyzed and related to previous theory. The framework
approach described in section 4.5.3.1 was used to summarize and analyze the empiri-
cal data and the findings were connected to the theories found in the literature review.
The process of summarizing and analyzing the findings took about 2 weeks to com-
plete. Thereafter, the iterative process of communicating the findings through this
report started and getting feedback from my supervisor started.
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4.5 Methods

4.5.1 Literature Study

The literature study was conducted in a structured manner according to the steps below
which were adapted from the steps suggested by Cooper et al. (2006). The literature
study in this thesis was also written in a chronological order instead of the theme-
based structure that Cooper et al. (2006) suggested. The reason for this was that a
chronological order was deemed to be an easier structure to follow for the reader in this
case.

1. Search for general keywords to learn about the field

2. More specific searches related to the topic area and the research questions

3. Using the bibliography of relevant and high-quality articles to identify other re-
search on the topic.

4. Search for research that have cited the identified high-quality articles to find latest
research on the topic

5. Reading until no significant new ideas are found

6. Noting what each article say and what you think about them and relating them
to other research, similarities and differences.

7. Reviewing notes and discard items which do not fit to the research study

8. Writing the literature review based on the notes

The search engines Google Scholar (Google, 2018) and KTHB Primo (KTH Library,
2018) were used when searching for previous research. The general keywords that were
used include: ”Customer”, ”Consumer”, ”Value”, ”Proposition”, ”Creation”, ”Appro-
priation”, ”Esports”, ”DotA 2”, ”Audience”, ”AI” and ”Prediction”. Synonyms and
variations of these keywords were also used and combined in many ways to find the
relevant literature. Furthermore, when searching for research that cited the identified
high-quality articles, the ”cited by” feature on Google Scholar was used. This feature
helped to track research over time and up until the most recent studies within the target
field.

Several of the steps described by Cooper et al. (2006) include subjective decisions made
by the researcher, e.g. which articles have high quality and deciding what is relevant for
the current study. For this research, the quality of an article was based on the number
of citations it had, if it was in a peer-reviewed journal or not and how much it had been
criticized by other researchers. The relevance was based on proximity to the research
subject and the level of novelty each article brought. For example, if an article was
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about something in the esports industry but not related to value propositions it may
have been assessed as irrelevant. Or if the article treated the same with similar results
as another, the one with highest quality and most relevance was used.

4.5.2 Data Gathering

4.5.2.1 Quantitative Data for AI

An older dataset that could be used for initial training, tests and benchmarks was found
in the study of Semenov et al. (2016b). At the same time, a small system was developed
to start requesting the data from the STEAM API (Valve, 2018) and log the responses
every 15 seconds. With the logged responses, a new dataset could be created that was
up to date with the latest version of the game. The logging started in June 2017 and
until February 2018 it had collected data from 976,083 matches. These datasets will be
described more in detail in section 5.3.

4.5.2.2 Match Observations

Two types of observations were conducted in this study, the expert panel discussions
and the Znipe Sense predictions. These were observed during the tournament ESL One
Katowice 2018 that aired during 20th - 25th of February 2018 (ESL One Katowice
2018). The expert panel discussions were part of the event stream provided by ESL
and recorded by Znipe TV, whilst the Znipe Sense predictions were also recorded by the
Znipe TV platform. There were some initial bugs that were fixed during the tournament
and therefore a few of the first matches were lost. A total of 48 matches were successfully
recorded with the Znipe Sense predictions and 35 of those matches included an expert
panel discussion with their predictions. Each match, including the panel discussions,
lasted between 35-90 minutes.

The expert panel discussions lasted for about 15 minutes for each match, starting a few
minutes before the picking phase of the match and ending after the panelists’ predictions
right after picking phase was over. In total over the 35 matches, about 8-9 hours of
discussions were observed. These recordings were observed by the researcher several
times while taking notes of quotes, topics discussed, reactions by the panel and correct
or incorrect predictions. These notes were later coded, categorized and summarized
according to the framework approach described in section 4.5.3.1.

During the picking phase of the match, the Znipe Sense user interface was recorded and
observed. These recordings were also observed several times simultaneously as the expert
panel discussions for the same match. Summaries of the predictions were written down
and shortly explained. Example of a note could be: ”The teams picked 2 of the heroes
that Znipe Sense displayed as heroes the team had picked before in recent matches.
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Znipe Sense predicted 75% probability for one team to win and 25% probability for the
other. It predicted that the advantage will shift from the one team to the other around
55 minutes into the match. It also turned out that the leading team shifted around 45
minutes into the match.” These notes were made for 48 matches during the tournament,
resulting in roughly 21 A4 pages of computer written notes in 12pt. The reason why
Znipe Sense was observed during 13 more matches than the expert panel was that the
expert panel was not present in those matches; they were discussing some other match,
as these 13 matches were played at the same time as some other match.

4.5.2.3 Interviews & Observed Meetings

This study gathered empirics from both interviews and through observations of internal
company meetings. The interviews that were conducted in this study were unstructured
and semi-structured. They were conducted with two different type of target groups to
cover different perspectives of the research phenomena. Each interview is listed in Table
4 with a short description of the interview, when it was conducted and for how long
it lasted. Each observed meeting is listed in Table 5 together with a short description.
This section will describe in as much detail as possible how each of these interviews and
observations were conducted.

Interviews with Employees at Znipe Esports

The first row of Table 4 list the two interviews with CEO, also founder, of Znipe Esports.
The first interview was the starting point of this study where expectations of the study
such as level of confidentiality and the focus on research rather than developing a product
for the company was discussed. The interview continued with the topic of what the
business of Znipe Esports is, who their customers are and what Znipe offer them. The
CEO explained the current status of Znipe’s offer and his vision on where he wanted
them to be. This discussion led the interview into the topic of characteristics of the
esports industry, who the actors are and how they operate their businesses. Notes were
taken during this interview but it was not recorded. After the interview, the CEO sent
a set of documents that summarized the current strategic direction of Znipe Esports
and some information about the other actors that they collaborate with. The second
interview with the CEO was just a short follow-up interview where questions that were
still unanswered were asked. Only notes were taken during the short interview.

The interview with the business developer at Znipe Esports was conducted to get a
deeper understanding of Znipe’s current value proposition. The interview started with
a short presentation of the resource configuration framework by showing and explain-
ing each part of Figure 3 and 4. Thereafter, the interviewee was asked what type of
reconfiguration he thought Znipe had and aim to have. As interviewer, I helped the
interviewee to give examples of possible resources and needs that I had identified in the
industry so far whilst the interviewee came up with more. The interviewee was asked
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to draw and explain with notes on a whiteboard. The interviewee did not construct
his own full resource configuration; he only discussed different resources and needs of
the different actors in the industry and how Znipe as a company wanted to change the
industry into a collaborator configuration. This interview was not recorded but some
quotes were written down, notes were taken and the interview was summarized directly
afterwards.

Meetings

The first meeting listed in Table 5 was held in February right before the tournament ESL
One Katowice (2018). A total of 15 employees attended the meeting, representing every
department in Znipe. The meeting started with the CEO presenting the status of the
business and the work of different departments. Learnings from the past tournament
were noted while he presented the plan for the upcoming tournament. The meeting
ended with 20 minutes of questions and answers regarding the upcoming tournament
and how the strategy may change after the tournament. The meeting was not recorded
but notes were taken on quotes from the CEO and the CEO later distributed the slides
that he used while talking.

The meeting in April, listed in Table 5, was another meeting where the CEO presented
the current status of the company and a new strategy focus. The structure of this
meeting was the same where the CEO first presented with with slides and ended with
Q&A and discussions. Twelve employees participated in the office and 3 participated
over Skype. The meeting lasted for 1 hour, notes were taken but no recording was made.

Interview with Experienced Players

Two experienced players were interviewed in this study to tap the perspective of the con-
sumers. According to Anderson et al. (2006), it is important to see the value proposition
from the consumer’s perspective. Instead of just imagining the consumer’s perspective
as Anderson et al. (2006) suggested as one possible way of analyzing the value proposi-
tion, this study aimed to get an in-depth perspective from existing consumers. Due to
the time limit of this study, it was decided that a maximum of two in-depth interviews
would be conducted. Therefore, it was of high importance to find interviewees who could
give this deep understanding of the consumer’s perspective.

It was deemed that experienced players of the game DotA 2 would be the best interviewee
for the purpose. An experienced player was defined as a person who has played or is
playing the game on a semi-professional or professional level. They were assumed to
have a deep understanding of the game and could therefore contribute with insights and
assessment of the predictions by Znipe Sense. Furthermore, they were assumed to have
some understanding of the tournaments from a player’s perspective and how that part
of the industry works. In summary, an experienced player was seen as an expert of both
the game and part of the industry.
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Table 4: A list of interviews that were conducted in this study

Interviewee Description Date and
time

Founder and CEO of
Znipe Esports

First interview was an unstructured interview
with focus on topics such as expectations of
this study, Znipe’s current strategic focus and
characteristics of the esports industry. The
second interview was a short follow up inter-
view on the view of the typical customer and
Znipe’s offering. These interviews were not
recorded but notes were taken and the first
was complemented with documents, provided
by the CEO after the interview, with informa-
tion about the topics that we discussed.

2017-12-20
09:00-10:00
and
2018-04-03
09:00-09:10

Experienced players A semi-structured group interview with 2 ex-
perienced DotA 2 players. The interviewees
have played the game since it was released
in 2011 and they also played its predecessor:
DotA. One of them has been active in the
esports community since 2007 and the other
since 2011. This interview focused on discus-
sions around Znipe Sense. Recorded and tran-
scribed.

2018-03-13
17:00-18:30

Business developer at
Znipe Esports

Unstructured interview on the topic of Znipe’s
value proposition from the perspective of the
resource configuration framework. Notes were
taken during the interview but no recording
was made. The business developer has a lot of
experience of startup companies. He was one
of the founders of KTH startup incubator. In
2013, he co-founded Sup46, which is a startup
hub in Stockholm where they helped startups
with business development. Before he came
to Znipe in September 2017, he launched the
Nordic office of the global company Stripe.

2018-03-29
15:00-16:00
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Table 5: A list of company meetings that were observed in this study.

Description Date and
time

CEO presenting company status, goals and strategy for the next
upcoming tournament ESL One Katowice 2018.

2018-02-14
13:00-14:00

CEO presenting company status and the new strategic focus for the
year.

2018-04-04
13:00-14:00

The selection of interviewees started with the help of all employees at Znipe Esports.
Everyone contacted the most experienced players they knew with the question if they
were interested to be invited to the office to see a new prototype for the game DotA 2 and
be questioned about it for the purpose of this research. Seven responses were received
where only a 4 were considered as semi-professional or professional. Two out of these
four were invited to the office based on their long experience with the game and different
perspectives on the industry. The first selected interviewee was a male, 27 years old, who
has played the game since 2011. Until the end of 2015 he played on a semi-professional
level in two different teams. Today he describes himself as just a fan of esports who
occasionally work as a commentator during matches and still plays for fun. The other
interviewee was also a male, 28 years old, who was an active professional player of the
DotA in 2007-2008. The past few years he have been active in the community as a
commentator during matches of DotA 2.

The interviewees were interviewed as a group in a semi-structured way by following a
guideline provided in APPENDIX A. Two employees at Znipe Esports also participated
as observers, who also occasionally asked additional questions to the interviewees. The
interview started by showing the picking phase together with the expert panel discussion
of one match. After the interviewees had listened to the predictions by the expert panel,
they were asked to give their own thoughts, analysis and predictions of the match.
Thereafter, the Znipe Sense prediction was shown and the interviewees were asked to
share their thoughts and comment on what they saw. Finally, the match outcome was
revealed by fast forwarding the recording of the match and the interviewees were asked
to give their comments on the outcome and compare it with their predictions. This was
repeated two more times, resulting in a total of three matches shown. The matches to
show were selected to give a diverse view of the Znipe Sense predictions. Two of the
matches were correctly predicted, whilst one was incorrectly predicted.

There were several reasons why the two interviewees were interviewed as a group. There
are downsides such as group think and interviewee dominance that can occur when
interviewing people together, but the identified benefits in this case was considered to
make the option of a combined interview better (Fern and Fern, 2001; MacDougall and
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Baum, 1997). First, it was decided to be a group interview so that the interviewee
could have someone on their level of knowledge to discuss with to come up with deeper
analyses. The complexity of the game did not allow me as researcher to follow every
detail of the expert panel discussions and it was suspected that the limit of my knowledge
of the game could limit their analyses if they felt that they had to explain everything
in easier terms. With this setup, the interviewees could discuss in their own speed of
thoughts and I as researcher could analyze and look up the concepts while listening to the
recordings instead. Second, by putting two consumers in front of the value proposition
we could observe their interaction with it and possibly get a deeper understanding of
the consumers’ behaviors. There are also downsides of interviewing people together

The interview was audio recorded with the approval of the interviewees and lasted for
almost 90 minutes. During the interview, short notes were taken on the observed reac-
tions when presenting the Znipe Sense and the interviewees’ behaviors and interactions
with each other. After the interview, these notes were expanded with more detailed de-
scriptions when the observations were still fresh. These descriptions were later included
in the transcription of the interview.

4.5.3 Data Analysis

4.5.3.1 Framework Approach

The framework approach was used to summarize and analyze the findings from both the
observations and the interviews in this study. It is a common framework for the process
of analyzing qualitative data such as observation notes and transcripts from interviews
(Smith and Firth, 2011). The framework approach has many similarities to another
popular framework used to analyze qualitative data, namely thematic analysis (Smith
and Firth, 2011; Ritchie and Lewis, 2003). The initial stages of these approaches are
seemingly identical, where categories and themes are identified by coding the empirical
data. However, in subsequent stages, the framework approach places greater emphasis
on the transparency of connections between the empirical data and themes (Ritchie
and Lewis, 2003). The approach helps researchers perform in-depth analysis while at
the same time keeping the transparency and holistic perspective of the empirical data
(Smith and Firth, 2011). These were the main reasons the framework approach was
chosen for this study.

This study followed the process of the framework approach described by Smith and Firth
(2011); see Table 6. One of the defining features of the framework approach is a matrix
consisting of summarized empirical data (Smith and Firth, 2011). This ensures a holistic
structure which researchers can use to systematically analyze the data by case (empirical
object) and by category (identified theme) (Gale et al., 2013; Smith and Firth, 2011;
Ritchie and Lewis, 2003).
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Table 6: The process of the framework approach described by Smith and Firth (2011).

Step Description

Transcribe and Famil-
iarize

Transcribe interviews or summarize observations in written
format and start to familiarize yourself with the data.

Code Start identifying anything that is recurrent or deviant and
name it. The name is called the code.

Create categories and
themes

Group the codes that are similar into categories and group
categories into even more abstract themes that are given a
name.

Create matrix Create a big matrix with the empirical object, the interview or
observation on one axis and all the themes on the other. This
matrix can later be separated into several matrices where each
matrix represents a core concept that is a group of themes.
Fill out every cell in the matrix with a short description of
what each empirical object generated for the theme.

Describe and inter-
pret

Describe each of the matrices and connect back to the orig-
inal empirical data such as quotes from transcripts or notes.
Interpret the findings to create your analysis of the research.

Iterate Iterate through the above steps to make sure you did not miss
anything of relevance from the empirical objects and improve
the naming and grouping of your data.
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4.5.3.2 Analysis of Value Proposition

The PERFA framework was created to analyze how digital innovations affect a value
proposition (Lindič and Marques da Silva, 2011), which fits the research question of this
study very well. As described in the literature review, the framework considers both the
company’s perspective of effort and profitability, as well as the consumer’s needs and
efforts of use. The critique presented by Payne et al. (2017), that the framework’s factors
had a non-apparent theoretical grounding, was also addressed in the literature review of
this study. The broad nature of the factors in the PERFA framework and the support
of each factor from literature made the framework appropriate for the analysis of this
study to be able to answer the research question. However, Lindič and Marques da Silva
(2011) noted that the PERFA framework is not a universal framework for analysis of
value propositions, and they did not provide any clear guidelines for how to analyze
each factor. Therefore, other frameworks were also used to support the analysis of each
factor.

To achieve a structured way of analyzing the factors, each factor of the framework was
decomposed from its description and other frameworks found in the literature review
were used. The resource configuration framework by Amit and Han (2017) was consid-
ered appropriate to analyze how Znipe Esports work with their partners and customers.
Together with the MSSC framework adapted for esports by Hamari et al. (2017) and
the personas framework by Cheung and Huang (2011) that focused on the needs and
motivations for esports consumption, these frameworks served as the theoretical ground
for the analysis of the performance factor. The ease-of-use was analyzed in the same
way as Lindič and Marques da Silva (2011), by considering the complexity of using
the product. This could capture the cost of effort that consumers have to pay to use
the product or service, which enhances or diminishes the value proposition (Lindič and
Marques da Silva, 2011). Reliability and affectivity were analyzed by following the de-
scriptions of the factors in Table 1. Finally, the resource configuration framework by
Amit and Han (2017) was used to support the analysis of the organizational perspective
in the flexibility factor.

4.6 Reliability

Collins and Hussey (2013) noted that one’s view on reliability depends on the research
paradigm that is used. Positivism usually emphasizes that reliability is about repeatabil-
ity, how likely it is that another researcher can produce the same results by conducting
the same methods (Collins and Hussey, 2013; Greener, 2008; Cooper et al., 2006). Ac-
cording to that view, interpretivism research often has low reliability because of the
researcher’s influence on the results and the subjectiveness in observations (Collins and
Hussey, 2013). On the other hand, interpretivists argue that the reliability of their
research is not about the possibility of exact replication, it is about whether the obser-
vations and interpretations that were made can be explained and understood (Collins
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and Hussey, 2013).

The interviews and observations made in this study were conducted from an interpre-
tivist perspective, which according to Collins and Hussey (2013) is hard to replicate
and therefore has low reliability according to the positivist perspective. Contrarily,
these subjective interviews and observations can still achieve high reliability according
to the interpretivist paradigm by establishing the authenticity of the findings (Collins
and Hussey, 2013). In order to achieve this, detailed descriptions of the observations,
quotes from the raw data, and the researcher’s interpretation of them were provided.
Furthermore, as the framework approach allows researchers to stay close to the data,
it increases the transparency of the research and thereby also increases the reliability
according to interpretivism (Collins and Hussey, 2013; Smith and Firth, 2011).

As described in section 4.1, the philosophical beliefs about the research question of this
study includes the positivist’s view: that there are objective facts such as functions,
costs, system compatibility and technical performance affecting the value proposition.
Some of these objective facts were observed during the development of the prototype.
These observations were described in such a way that it is possible to replicate the
same results. However, some information regarding the implementation of the prototype
was held confidential, which makes it harder to replicate the exact same prototype.
Therefore, part of this study has a high reliability according to the positivist paradigm
whilst other parts have a low reliability.

4.7 Validity

The validity of a research refers to the used methods’ capabilities of answering the
research questions (Collins and Hussey, 2013; Greener, 2008). Greener (2008) wrote
that there are essentially three ways of characterizing validity in research studies: face
validity, construct validity and internal validity. Yet another way of characterizing valid-
ity is external validity, commonly known as generalizability (Collins and Hussey, 2013;
Greener, 2008), which will be discussed in the next section.

Greener (2008) described that a research has face validity if a non-researcher can see that
the methods that were used makes sense to answer the research question. Collins and
Hussey (2013) described that face validity is about ensuring that the tests or measures
used by the researcher do actually measure or test what they are supposed to. These
definitions require the researcher to assess if the methods that were used helped the
researcher look for the answer in the right place, in other words, if the methods of
collecting and measuring empirics were addressing the ontological and epistemological
beliefs about the research question.

As earlier stated, the ontological and epistemological beliefs about this study’s research
question assume that the answer lies partly in objective facts about the product and in
the minds of the social actors. The social actors refer to the consumers who perceive the

35



value proposition in their own subjective way, and the company managers who under-
stand the processes of their value creation. Both of these social actors were interviewed
in this study to get a deep understanding of their perspective. The face validity for the
consumer perspective was further increased through the use of previous studies which
had thoroughly investigated a large amount of consumers’ perceptions of value and needs
for sports and esports. Furthermore, the development of the prototype helped to get
a deeper understanding about the objective facts of the product. Having full access to
how the prototype actually functioned reduced the risk of the researcher’s subjective
beliefs about hypothetical functions, system compatibility and technical performance.
Observing the prototype live during a professional tournament further strengthened the
face validity of the study as the research question considered live esports consumption.

Construct validity is about whether the methods measure what the researcher actually
thinks they measure (Greener, 2008). Collins and Hussey (2013) noted that there are
phenomena such as emotions that cannot be directly observed. These are called hy-
pothetical constructs, which can explain what is being observed (Collins and Hussey,
2013). They gave the example that if you are observing a participant shaking and
sweating before a job interview, you are not directly observing anxiety but a possible
manifestation of anxiety. There is always a risk that the researcher makes incorrect sub-
jective assumptions about the hypothetical constructs (Collins and Hussey, 2013). When
behaviors were observed in this study, however, they were described with as much detail
as possible in order to be transparent with what hypothetical construct was observed.

Internal validity relates to the concept of causality, i.e., if X causes Y to happen (Greener,
2008). It can be easy to claim causality when two things only have a correlation, i.e. two
things usually happen together (Greener, 2008; Hansson, 2007). Hansson (2007, p. 83)
suggested the following two rules that should be applied to avoid mistakes when analyz-
ing causality and to distinguish it from just correlation: “First: always look actively for
common underlying factors that can be alternatives to direct causality. Secondly: Be
suspicious against proposed cause-effect relationships that are not supported by known
causal mechanisms.” A causal mechanism that Hansson (2007) refers to here is a known
model that works like a programmed machine, always producing the expected output.
This study has tried to follow the rules suggested by Hansson (2007) to avoid claiming
causality when it is not possible to prove. Again, transparency of reasoning was also
used to be clear about what assumptions were made in order to strengthen the internal
validity of the study.

4.8 Generalizability

Generalizability, also called external validity, refers to the degree of how the findings in
the study can be applied to other cases, scenarios, products, companies and industries
(Collins and Hussey, 2013; Greener, 2008). According to the positivist paradigm, a
study takes a sample from some population, and a larger sample size of the investigated
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phenomena increases the generalizability of the study (Collins and Hussey, 2013). This
makes the positivist think that the generalizability of qualitative findings are low. On the
other hand, the interpretivist believes that it is possible to generalize from a single case
if the right characteristics of the phenomena were observed (Collins and Hussey, 2013).
As described in section 4.1, this study has ontological and epistemological beliefs that
are a mix of the positivist’s and the interpretivist’s beliefs. Therefore, part of this study
is assumed to have low generalizability and other parts are assumed to have a higher
degree of generalizability. Due to this study’s pragmatism paradigm, the generalizability
will be discussed from both an interpretivist and a positivist point of view.

In the eyes of the interpretivist, a study can achieve high generalizability if the right
characteristics of the phenomena were observed (Collins and Hussey, 2013). This study
observed in detail how the introduction of Znipe Sense affect Znipe Esports’ value propo-
sition of live esports consumption. From the interpretivist point of view, I argue that the
results can be generalized to competitors of Znipe Esports, who also provide live esports
consumption of the game DotA 2. If a similar AI to Znipe Sense would be created for
other esports games, the results of this could also to a high extent be generalized to that
case. This is because a majority of the qualitative empirics found in this research had a
good fit with the MSSC framework which has been previously validated for other esport
games and other industries.

The general phenomena of how an innovation affects a value proposition may be hard
to generalize to from this single-case study. The general phenomena exist in almost all
industries and this study only observed one product in one company and one industry.
Even though some characteristics may exist in all industries, it is unlikely that this study
captured the right characteristics from other industries than the esports industries. An
interpretivist’s beliefs about ontology and epistemology also indicate that when study-
ing this phenomena in another industry, one may need specialized frameworks for that
industry such as the persona framework by Cheung and Huang (2011) used in this study.
However, how the phenomena was decomposed with the help of the PERFA framework
(Lindič and Marques da Silva, 2011) and analyzed with more specific frameworks could
still be generalized to some extent. The PERFA framework was originally not for AI
innovations or for the esports industry but it was demonstrated with this study that the
framework could generalize to this scenario with the help of other frameworks.

In the eyes of the positivist, a study is generalizable if it takes a sample of some popu-
lation or situations and it can represent the full population with statistical confidence
(Collins and Hussey, 2013). This view of generalizability makes the qualitative findings
in this study not generalizable to any other case as none of it was tested statistically.
However, the ontological and epistemological beliefs of the positivist indicate that there
exist objective facts that can be generalized without statistical confidence tests (Greener,
2008). This study identified objective facts such as license fee costs, stream and API
delays, and the problem of concept drift in the data streams. Furthermore, the bench-
mark tests described in section 5.5 is something that a positivist would argue increases
the generalizability of the results outside the case of the tournament ESL One Katowice
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(2018). The large amount of quantitative data that was used in the benchmark indicates
for the positivist that the predictive results are generalizable to other tournaments.

4.9 Ethics in Scientific Research

This research follows the ethical guidelines of scientific research by the Swedish Research
Council (2017). These guidelines concern how to perform research and are summarized
in the following 8 rules:

1. You shall tell the truth about your research.

2. You shall consciously review and report the basic premises of your studies.

3. You shall openly account for your methods and results.

4. You shall openly account for your commercial interests and other associations.

5. You shall not make unauthorized use of the research results of others.

6. You shall keep your research organized, for example through documentation and
filing.

7. You shall strive to conduct your research without doing harm to people, animals
or the environment.

8. You shall be fair in your judgment of others’ research.

Swedish Research Council (2017) also provide specific ethical aspects on qualitative stud-
ies including interviews and observations. Researchers need to keep their interviewees in
the study informed about the purpose of the study; this is to ensure that the interviewees
know what they give their consent for. In this study, the interviewees were informed
about the purpose of the study during the interview and their consent did get recorded.
As the purpose of this study changed over time, the interviewees were informed about
the changes through written email conversation where their consent was given for the
new purpose. Observed people should also in general give their consent before the ob-
servations are used by the researcher. However, the expert panel discussions observed in
this study were a public broadcast which belongs to the public domain that is accessible
to researchers and allowed for use anyway (ESOMAR World Research, 2009).
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5 Znipe Sense

This chapter will present the prototype product ”Znipe Sense” developed in this project.
First a short and non-technical presentation is provided for the reader to understand
the product that is being evaluated. Thereafter, details about the technology of the
product will be explained and discussed. The chosen models will be motivated from pre-
vious research and the final technical implementation will be presented. Znipe Sense was
benchmarked against previous studies and tested during a live tournament to demon-
strate its performance and capabilities. Finally, some challenges regarding the task of
predicting live professional matches are discussed.

5.1 Prototype Product Description

Znipe Sense is a predictive AI, currently only available for DotA 2 matches. With Znipe
Sense you can follow the picking/drafting phase of DotA 2 on the next level. Znipe
Sense follows the picking and banning phase with you and shows you what heroes the
teams recently played to help you speculate in what heroes the teams will pick. After
the picking phase, Znipe Sense presents probabilities for each team to win. In addition
to the win probability, it also generates a graph that illustrates what team it predict to
have advantage during the game. As a spectator you can then follow the game and see
if the players are able to use their advantage or if the game may take an unsurprising
turn. One team might have the upper hand the first 30 minutes of the game. If the
other team can withstand without losing objectives or falling behind in the early stage
of the match, the odds may flip and the chance to prevail can greatly increase.

5.1.1 User Interface

The user interface of Znipe Sense is divided into two stages. Figure 5 shows the first
stage of the user interface, where it displays which heroes each team have picked, and
five of the heroes that they have picked in previous matches that are still available.
When both teams have picked all their heroes, the user interface switches to the next
stage, the prediction stage shown in Figure 6. The graph in Figure 5 may indicate that
the prediction is updated over time. However, that is not the case. The prediction is
generated before the execution phase of the match and it is not updated with any actual
outcomes. The graph prediction is explained in further detail in section 5.5.3.
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Figure 5: A screen capture from the user interface of Znipe Sense during the picking
phase. It shows what heroes each team has picked so far, and what heroes that each
team has picked in recent matches are still available for them to pick.

Figure 6: An extract from one of the views of Znipe Sense. It shows what heroes each
team picked, a win probability for each team and a graph predicting what team will
have advantage over time.

40



5.2 Technology

AI systems build on mathematical and statistical models to interpret some environment
and make decisions (Russell and Norvig, 2016). This study have used neural networks
and logistic regression statistical models in order to develop Znipe Sense. These mod-
els will be described in detail in this section in order to give the reader a technical
understanding of how Znipe Sense works.

5.2.1 Neural Networks

Znipe Sense builds on a feed-forward neural network model, also called a multi-layered
perceptron (Goodfellow et al., 2016). It is essentially just a mathematical vector function
y = f(x) from RN to RM , where N and M can in theory be any positive integer. A
common illustration of an MLP is shown in Figure 7, where N = 3 and M = 2. As
indicated by the name, an MLP can include several layers, and there is one hidden layer
with 5 units in Figure 7. Every layer of the MLP can be described mathematically like:

fi = φ(Wifi−1 + bi) (1)

where f0 = x is the input to the network, i indicates what layer, Wi is the weight matrix
for that layer and bi is the bias vector for that layer. φ is called the activation function,
which is some non-linear function. Commonly used activation functions are: relu, tanh,
sigmoid and softmax (Goodfellow et al., 2016). With a single hidden layer, an MLP can
approximate many non-linear functions and with more layers it can also learn complex
functions (Murphy, 2012). On the other hand, training becomes harder and takes more
time with more layers (Vinyals and Ravuri, 2011).

Figure 7: An illustration of a multi-layered feed-forward network

The weight matrices and bias vectors in a network are a set of parameters that needs to
be set to specific numbers in order for the network produce the target output, this process
is called training the network. There are many ways of training an MLP (Murphy, 2012).
The most commonly used is backpropagation(BP) with gradient descent(GD) (Murphy,
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2012). During gradient decent, the k th. update of the weights at layer i are given by

Wi(k) = −α∇Wi
L+ µWi(k − 1) (2)

where α is the learning rate, µ is the momentum and L is the loss (Goodfellow et al.,
2016). Learning rate is a way of telling the network how much it should learn from the
samples it sees, the momentum is a parameter that allows the network to still consider
the previous samples it saw when learning from new samples, and the loss is a way of
telling the network what is right and wrong. Examples of loss functions are cross-entropy
and L2. Cross entropy loss minimizes the difference between the actual and expected
distributions, whilst L2 minimizes the euclidean distance between the result and the
expected value (Murphy, 2012). Cross entropy has been shown to perform better when
weights are randomly initialized (Golik et al., 2013).

When implementing the neural network, the deeplearning library Keras with a Tensor-
flow backend was used (Chollet et al., 2015; Abadi et al., 2015). These programming
libraries provide a quick and easy way to develop, train and test neural networks. When
using these libraries, the programmer has to provide parameters such as how many layers
the network should have, how many neurons in each layer, loss function, what optimizer
to use (version of GD), the learning rate and momentum. All of these are commonly
called hyper-parameters, as they are parameters that needs to be chosen by the de-
veloper and not parameters that are trained like the weights and bias of the network
(Goodfellow et al., 2016; Bergstra and Bengio, 2012). This study made a grid search
for good hyper-parameters, meaning that a set of random values was specified by the
researcher and all combinations of those values were tested. For example, the number of
layers in the network was tested to be between 1 and 6, and all the available optimizers
in the Keras library were tested.

5.2.2 Logistic Regression

Logistic regression is very similar to the neural network described above. A logistic
regression model is the same as a neural network model without any hidden layers as
in Figure 7 and where φ in Equation 1 is the logistic function, also called the sigmoid
function, shown in Equation 3 (Goodfellow et al., 2016; Murphy, 2012). As logistic
regression does not have any hidden layers, the layer function in Equation 1 is the whole
function of the model, where fi−1 is the input x and fi is the output y. Furthermore, a
logistic regression model can be trained in the same way as a neural network. However,
due to the simple model without any hidden layers, there are some tricks that can be
applied that speed up the learning (Murphy, 2012). These other learning techniques
will not be described here but it is useful to know that one of the benefits with logistic
regression is that it is easier and faster to train than a neural network. In order to not get
into the details of logistic regression, this study used the same logistic regression model
as Semenov et al. (2016b) with all default parameters, which is provided by Scikit-learn
(2018).

42



φ(x) =
1

1 + e−x
(3)

5.3 Datasets

Neural networks usually need a large amount of data to be able to learn (Goodfellow
et al., 2016). Therefore, it was important to find a dataset that could be used for the
task. As described in section 4.5.2.1, two different datasets were used in this study to
train Znipe Sense. The first dataset was provided by Semenov et al. (2016a), and it was
the same dataset that Semenov et al. (2016b) used in their study. The second dataset
was mined during this study by logging responses from the STEAM API (Valve, 2018).

The first dataset, provided by Semenov et al. (2016a), included data from 5,071,858
matches. 1,077,102 of these matches were professional matches, which was the only
matches that were used for training the models in this study. The reason for only
using the professional matches was because the underlying data distribution may differ
between professional matches and the ones played by less skilled players (Semenov et al.,
2016b), and Znipe Sense was only intended to work for professional live matches. Each
match in the dataset had 24 features, all described in Table 7.

The second dataset used in this study was collected by logging responses from the
STEAM API every 15 seconds between June 2017 and February 2018 (Valve, 2018).
This resulted in a total of 976,083 matches. Thereafter, these logs were processed to
create a dataset with only the professional matches and with the same features as the
ones described in Table 7. First, all matches shorter than 16 minutes and matches that
had some technical issues resulting in missing data were filtered away. After this purge
of the matches, only 342,409 matches remained. It was also discovered that the skill
level of the matches had not been collected as those were provided through another
API end-point. The skill feature is provided in the match details API, which can be
requested after the match but if trying to request it during the live match, it will just
tell you that the match does not exit (Valve, 2018). Therefore, another approach was
taken to filter out the professional matches. All matches that were played by at least
one of the top 250 teams from the OpenDota API were considered to be a professional
match (OpenDota, 2018). After filtering on that condition, only 6136 matches were left
in the dataset.
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Table 7: Features in the dataset provided by Semenov et al. (2016a).

Feature Description
ID An id of the match

Skill 1,2 or 3 where 3 is professional matches. 1 and 2 are matches
with lower skilled players than the professional players.

Start time UTC timestamp of when the match started

Human players Number between 0 and 10, indicating how many humans and
how many bots are playing in the match.

Game mode Number between 0 and 22, indicating what rules of the game
apply to this match.

Lobby type Number between -1 and 8, indicating if it is a match in a
tournament, practicing or any other type of gameplay.

First blood The number of seconds into the match when the first hero was
killed by another hero.

Radiant win 1 if radiant team won and 0 if dire team won.

Barracks status radiant Number indicating which of the barrack buildings were still
standing for the radiant team when the match ended.

Barracks status dire Number indicating which of the barrack buildings were still
standing for the dire team when the match ended.

Duration The number of seconds that the match lasted

Tower status radiant Number indicating which of the tower buildings were still
standing for the radiant team when the match ended.

Tower status dire Number indicating which of the tower buildings were still
standing for the dire team when the match ended.

Leavers Number between 0 and 10, indicating how many players left
the match before the match was over.

Hero picks The last 10 features are numbers between 0 and 115, repre-
senting the identity of the hero that each player picked.
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Both datasets were split into a training, validation and test set, resulting in 6 subsets.
First, the test sets were selected to be the last 15% of the matches in each dataset. This
was decided due to the nature of the problem, that in the real problem of predicting live
games it is not possible to learn from matches played after the ones that are going to be
predicted. From the remaining 85% of the datasets, the last 15% of those matches were
selected as a validation set because of the same reason as the test sets being the last
matches. The validation set was used to tune the previously described hyper-parameters
in the neural network models, meaning several hyper-parameters were tested and the
ones that generated the best results on the validation set were selected. When training
Znipe Sense, both datasets were used but the validation and test set of the big dataset
from Semenov et al. (2016b) were concatenated into the training set, using only the
absolute latest matches collected in this study as validation and test sets.

5.4 Benchmark Metrics

Semenov et al. (2016b) argued that the ROC AUC measurement should be reported
in these type of studies on binary predictive models. ROC AUC is short for Receiver
Operating Characteristic Area Under the Curve. The ROC AUC measurement is a way
of measuring the true positive rate (TPR) and false positive rate (FPR) against each
other. In binary classification, one usually want to achieve a high true positive rate
and a low false positive rate (Murphy, 2012). However, they are usually also positively
correlated, which means it can be hard to achieve high on one and low on the other
(Murphy, 2012). Some problems may accept a higher FPR if it gives a higher TPR and
some may not. In medical tests for example, they usually rather say that someone is
sick even though they are not (False positive) rather than missing someone who actually
is sick (True positive).

In order to calculate the ROC AUC score, samples are first classified according to
I(f(x) > τ), where I is the indicator function, f(x) is the predictive model function,
and τ is some threshold deciding when to classify a sample x as positive or negative
(Murphy, 2012). This classification is done for τ ∈ [0, 1] if y = f(x) where y ∈ [0, 1]. For
each threshold value, the true positive rate (TPR) and the false positive rate (FPR)
are calculated. If N+ denotes the number of positive samples in the test set, and TP de-
notes the number of samples that were classified as positive with the current threshold,
TPR = TP/N+. Analogously, FPR = FP/N− where FP is the number of incorrectly
classified positive samples and N− is the number of negative samples in the test set.
When the TPR and FPR have been calculated for every τ , they can be plotted as an
indirect function of τ as shown in Figure 8. The goal is to achieve a classifier that has a
high TPR when FPR is low. Instead of plotting graphs, it is common to represent the
quality of the graph in just one scalar metric by calculating the area under the curve
(AUC), hence the name ROC AUC score (Murphy, 2012).

When comparing the performance of the different models in this study, both the ROC
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Figure 8: An example graph of the Receiver Operating Characteristic (ROC) curve.

AUC score and the more easily interpreted accuracy were measured. These statistics
enabled the results of this study to be comparable with the results of other studies.
Furthermore, as Semenov et al. (2016b) did not provide the accuracy measurement of
their models, this study replicated their logistic regression model in order to be able to
compare the results with the neural networks developed in this study.

5.5 Data Processing and Results

As previously described in section 5.2, a neural network and a logistic regression model
take a vector of scalars as input and output a scalar value or a vector of scalar values.
In order for the network to learn its function from the data, the datasets needs to be
structured in the desired way, with input vectors and label vectors. The labels in this
study were just the radiant win scalar value feature, meaning the target of the network
was to predict the winning team of the match. For the input vectors, a few different
structures were tested in this study, each of them will be described here.

5.5.1 Replication

The first input vector structure that was tested was the same that Semenov et al. (2016b)
used. This structure was chosen both to be able to reproduce their results and benchmark
my neural networks against their models. Semenov et al. (2016b) transformed the 10
features of what heroes were picked into a ”bag of heroes” representation, meaning a
vector of length N was created for each team, where the N was the size of the hero
pool, and the position representing the hero id was marked with a 1 or -1 (depending
on team), and the rest with 0. This resulted in a vector of length 2N where 5 indexes
in the vector had a value of 1, 5 indexes had a value of -1 and the rest a value of 0.
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The total length of the input vector that Semenov et al. (2016b) used was 226, because
N = 113.

Several neural networks were trained on the first dataset with the input vector structure
described above. The two best performing models are summarized in Table 8. A grid
search was conducted in order to find good hyper-parameters. The number of hidden
layers tested was between 1 and 4. The number of units in each layer was tested to be
one of the numbers 64, 128, 256, 500 and 1000. RELU, sigmoid and tanh was tested
as activation functions. The learning rate was tested to be one of the numbers 0.0001,
0.0003, 0.001 and 0.003. RMS prop was used as optimizer and the binary cross entropy
as loss function. The best performing network with this input vector structure was found
to have two hidden layers with 500 and 100 units respectively. The network used the
rectified linear unit activation function, randomly initialized weights and a learning rate
of 0.0001. The next best network had the same parameters except that it had only one
hidden layer with 500 units.

The results achieved on the first dataset with the first input vector structure are pre-
sented in Table 8. It can be seen that the replicated logistic regression model achieved
the exact same ROC AUC score as the one presented by Semenov et al. (2016b). Fur-
thermore, the simple neural network with a single hidden layer reached a similar ROC
AUC score but a lower accuracy score. The accuracies are presented in decimal format,
meaning that 0.5 represent an accuracy of 50% correctly predicted matches. The neural
network with two hidden layers performed slightly better than the other models in both
the accuracy and the ROC AUC score. It even outperformed the factorization model,
the best model that Semenov et al. (2016b) presented, which had a ROC AUC score of
0.660.

Table 8: Results of the neural networks created in this study, the replicated logistic
regression model and the results from the original model by Semenov et al. (2016b).
Input was only picked heroes. NN is short for Neural Network. The numbers following
NN is the number of hidden units in each layer of the network. V-ACC is the validation
accuracy, T-ACC is the test accuracy and T-ROC is the ROC AUC score on the test
set.

Model V-ACC T-ACC T-ROC
NN 500-1 0.5802 0.5750 0.6456
NN 500-100-1 0.6273 0.6269 0.6790
Logistic Regression replication of
Semenov et al. (2016b)

0.6053 0.6038 0.6430

Logistic Regression (Semenov et
al., 2016b)

N/A N/A 0.6430
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5.5.2 Additions for Znipe Sense

When Kinkade et al. (2015) attempted to predict the outcome of a match in DotA 2,
they used two additional features in the input vector, and another even older dataset
than the one used by Semenov et al. (2016b). The dataset that Kinkade et al. (2015)
used was collected during 2015 when there were only 111 heroes in the game. They
achieved a test accuracy of 72.9% and showed that their two additional features was the
most contributing to the high accuracy. The two additional features were hero synergy
effects and hero counters. In this study, the synergy effects and a variation of the hero
counters were included in the input vector that made Znipe Sense achieve the best resuls.

The first additional feature, hero synergy, was described as the win rate for a pair of
heroes (Kinkade et al., 2015). Equation 4 calculates the synergy effect for all pairs of
heroes in the radiant team. Sij is the win rate in previous matches for when hero i and
hero j have played in the same team. Analogous, the synergy effect between pair of
heroes are calculated for the dire team according to Equation 5. The final feature in the
input vector is then the difference between the calculated synergies shown in Equation
6.

SR =
∑
i∈R

∑
j∈R,i 6=j

Sij (4)

SD =
∑
i∈D

∑
j∈D,i6=j

Sij (5)

Synergy = SR − SD (6)

The second additional feature, hero counters, was described as the win rate for one hero
when playing against another (Kinkade et al., 2015). However, this feature did not seem
to give any better results for the datasets in this study. Instead, a hero advantage vector
was constructed from the qualitative descriptions of every hero provided by Gamepedia
(2018). On the ”counters” page for each hero, they describe what heroes are good
against that hero and why. These descriptions were parsed and a 115 x 115 matrix were
created, where cell [2,5] was set to 1 if hero id 2 was mentioned as a counter for hero id
5, all other were set to 0. Thereafter, a vector of length 25 was created for each match to
include in the input vector. Each number in this vector was either 0 or 1, representing
every pair of heroes from the opposing teams.

In addition to the synergy and counters features, a hero stats vector and a skill vector
for each player were added to the final input vector. As previously described, each of
the 115 heroes in the game is unique but they have ”stats”, such as how strong they are,
how fast they can run and how much armor they have. These stats can be changed every
time the game developers make updates to the game. Therefore, including these stats
in the input vector could potentially help the model to understand more of the current
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game context. Furthermore, if the game developers release new heroes that the model
haven’t learned anything about yet, it could potentially use these hero stats to find
similarities with other heroes and still be able to give a good prediction. The hero stats
of each hero were retrieved from OpenDota (2018). They provide 18 stats (numbers) for
each hero. For each match, these 18 stats for each of the 10 heroes, resulting in a length
of 180, were concatenated with the input vector. Finally, the stats were normalized so
that each number was between 0 and 1.

The skill vector for each player is supposed to represent how good each player is at
playing the game. Dota 2 uses an official measurement called Matchmaking Rating
(MMR) to measure the player’s overall skill level (International, 2017). The MMR was
proven to be useful for Yang et al. (2016) when they predicted the outcome of DotA 2
matches. They used the MMR scores and the MMR percentiles for each player, resulting
in a vector of length 2∗10 = 20. The same representation was tested in this study but it
did not improve the prediction results. However, it was still believed that the skill levels
of the players mattered. Therefore, an effort was made to develop a new representation
of each player’s skill level, more relevant for the current match instead of just an overall
skill level. The representation that successfully increased the prediction results the most
was a vector of length 20 for each hero, resulting in 200 new features in the input vector.
This player skill vector is one of the most unique parts of Znipe Sense, which therefore
the details are held confidential.

Semenov et al. (2016b) tested to add the duration of the game to the input vector as
well, which allowed them to predict outcome given the duration. This kind of prediction
is further described in section 5.5.3. This one feature makes the normal prediction more
complex, as the duration is not known when the match starts. Therefore, each match
was predicted for every 20th second between 1000 and 6500 seconds and the mean of all
those predictions was taken as the final outcome prediction. Different time spans were
tested in order to find what I as researcher found as most intuitive for users and at the
same time not diminishing the predictive performance.

The final input vector for the training of Znipe Sense had 647 features. First, two
new heroes have been added to the game since Semenov et al. (2016b) conducted their
research. The selection of heroes were selected in a vector of length 240. Only 230 would
have been needed as there are only 115 heroes in the game, but the highest hero id was
120 with 5 non-consecutive missing hero ids up to that number. Therefore, the length
of 240 was chosen of programming convenience. Furhermore, the synergy effects feature
had length 1, hero counters vector length 25, hero stats length 180, player skills length
200 and the duration of length 1 all adds up to the length of 647.

The models that were tested for the new input vector were trained very similar to the ones
described above. The biggest difference in the training was that sample weighting was
used, meaning that the samples from the more recent dataset had 10 times higher priority
than the ones from the older dataset. The models then consider those samples to be more
important when learning. Apart from sample weighting, the logistic regression model
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was trained the same way as described above, with all default parameters. Znipe Sense
was also trained as described above with the difference that the grid search also included
5000 hidden units. The exact hyper-parameters of Znipe Sense are held confidential.

Table 9, show the prediction results achived by Znipe Sense and logistic regression. The
test set was the 921 last matches in the dataset and the validation set was the 783
preceeding matches. Znipe Sense achived a higher accurace and ROC AUC score on the
test set than the logistic regression model, whilst logistic regression performed better
on the validation set. However, the smaller differences for Znipe Sense between test
and validation indicates that it was better at generalization than the logistic regression
model.

Table 9: Results of Znipe Sense and the logistic regression model. NN is short for
Neural Network. The numbers following NN is the number of hidden units in each layer
of the network. V-ACC is the validation accuracy, T-ACC is the test accuracy and
T-ROC is the ROC AUC score on the test set.

Model V-ACC T-ACC T-ROC
Znipe Sense, NN 5000-1000-50-1 0.6620 0.6721 0.7525
Logistic Regression 0.7 0.6699 0.7497

5.5.3 Predictions over Time

As previously mentioned, the duration variable was included in the input vector to be
able to predict outcome over time, like Semenov et al. (2016b) did in some of their tests.
Figure 9 and Figure 10 shows several predictions over time with logistic regression and
Znipe Sense respectively. Although the logistic regression model and Znipe Sense had
similar performance in accuracy and ROC AUC score, they generated very different
predictions over time. From the predictions in Figure 9, it can be seen that the logistic
regression model used almost a linear relationship between the duration and probability
of winning. This relationship is not expected to be linear, in fact, it is common knowledge
about the game that some heroes are designed to be able to win the match earlier but
are not as strong compared to other heroes later in a match. This information was not
provided to the models in any way but the predictions by Znipe Sense in Figure 10
indicate that it may have learned this phenomenon from the data. This major difference
between the models’ predictions of these graphs was one of the main reasons as to why
neural networks were considered better for the task of predicting the winning team and
was the final model used for Znipe Sense.

These predictions over time are essenially just a prediction of what team would win
if the game would end at that point in time. However, in Figure 6 it is presented as
the estimated team advantage. The reason for this different presentation of the graph
was that it was found to indirectly represent advantage fairly well. Winning a DotA 2
match often correlates with having the most advantage in gold, experience and available
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Figure 9: Prediction over time on 10 different matches with Logistic Regression model.
Each match prediction with its own color.
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Figure 10: Prediction over time on 10 different matches with Znipe Sense neural network
model. Each mach prediction with its own color.
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team fight combinations. This is why the prediction graph was presented as advantage,
because then the consumer can see while watching the match that it is not playing out
as predicted and through that understand more of the confidence and underlying factors
of the prediction.

5.6 Live predictions

As previously stated, this study developed the prototype Znipe Sense in order to be able
to observe it in a live scenario. When Znipe Sense was set up to predict the matches
live during the tournament ESL One Katowice (2018), two special conditions for the
live scenario were discovered.

First, predicting matches live requires a script that can quickly take the response from
the STEAM API and transform it into the input vector format that is expected by the
models. The STEAM API end-point LiveLeagueGames returns a list of matches with
their current states (Valve, 2018). All these match states cannot be directly transformed
into an input vector as some matches might not have picked all heroes yet and Znipe
Sense was not designed to be able to predict matches with other than 5 heroes per team.
Therefore, the matches needs to be parsed and filtered so that only the matches with
10 picked heroes are passed to the predictive model. The other matches were passed to
another script that looked up what heroes the players have recently picked in order to
be able to display it as in Figure 5.

Second, the LiveLeagueGames end-point in the STEAM API has a field in the response
called stream delay s, which was observed to be either 300 or 120. This number is how
many seconds this data is delayed from when it actually happened in the match, meaning
the data from the API was between 2-5 minutes delayed. It was not investigated why
this delay can vary, but it was found that the delay exists in order to prevent cheating.
If the delay is short, the players in the game could potentially use some application to
read the response from the API to gain more information about the opposing team than
what is provided in the game from the player’s perspective. Video streams of the match
are also delayed for the same reason. However, no API was found to receive what delay
the video streams had, which resulted in a challenge to provide synchronized predictions
with the video streams. This challenge was handled manually during the tournament
ESL One Katowice (2018).

Although these extra challenges were discovered for live predictions, it was nothing that
prevented it from being possible to make predictions automatically. The prototype was
successfully deployed and tested during the tournament ESL One Katowice (2018).
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5.7 Problem of Concept Drift

The dataset from Semenov et al. included a lot of matches, but since 2016 when the
dataset was collected, the game developers have added two new heroes to the game and
made a few changes to the existing heroes. These changes are continuously made by
the game developers, resulting in a change in the underlying distribution of the dataset.
Therefore, the older the dataset is, the less it will represent the distribution of the
professional matches of today.

Continuous changes to the underlying data distribution is called concept drift in the
statistics and machine learning communities (Widmer and Kubat, 1996). This phe-
nomenon is not something new, it has been known for a long time in statistical theory
and even though some alternative approaches to handle the challenge have been sug-
gested it is still a challenge in many tasks (Tsymbal, 2004; Widmer and Kubat, 1996).
Tsymbal (2004) described that a concept drift can be either sudden or gradual. A
sudden concept drift can occur when the subject change context, for example when a
student graduate and start to work it suddenly change the person’s monetary concerns
(Tsymbal, 2004; Stanley, 2003). Stanley (2003) describe a gradual concept drift occur
when slowly wearing piece of factory equipment might cause a gradual change in the
quality of output parts.

In the context of game updates for DotA 2, there are gradual concept drifts about every
second week in the form of bug fixes in the game and small changes to heroes’ stats and
skills. These updates should not have major impacts on the outcomes of the matches
given the heroes that are played and therefore are seen as gradual for the predictive task
of Znipe Sense. Sudden concept drifts happens when the game developers make major
changes to the heroes or add new heroes to the game. These changes usually happen
only a few times per year. During the time scope of this study it happened once, where
two new heroes were added. However, these heroes were not allowed to be played in
professional tournaments until after the ESL One Katowice 2018 tournament which was
this study’s final test. New heroes are not allowed in tournaments until they have been
played a certain amount of games outside tournaments so that the game developers
can asses if they need to make the hero stronger or weaker to have a balanced game.
Therefore, this sudden concept drift of two new heroes only required the input vector
to be longer to include the new hero ids. On the other hand, the sudden concept drift
still included some major changes to a few heroes that may have affected the meaning
of picking those heroes.

The first way Znipe Sense tries to handle concept drift is through the use of the hero
stats in the input vector described in section 5.5.2. This vector was included to enable
Znipe Sense to better cope with concept drifts but it was not tested how successful the
approach was. When the game developers make changes to the game, small changes
can be made to the heroes’ stats. Therefore, by giving the hero stats vector to Znipe
Sense it is given the possibility to understand these small changes. Furthermore, when
new heroes are released they may have similar stats to some other hero. In that case,
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Znipe Sense may be able to use the similarities to predict matches with the new heroes
without the need to see many samples with the new heroes.

Another approach that Znipe Sense took to handle concept drift was one of the ap-
proaches described by Tsymbal (2004), instance weighting. Instance weighting is a way
to make some samples in the dataset matter more during the training of the model.
For example, one can weight the samples by their age to make new examples matter
more than old (Tsymbal, 2004), this is what was done when training Znipe Sense. All
samples collected in the second dataset was weighted a with a factor of 10 higher than
the samples from the first dataset.

Znipe Sense was trained with batch learning, where the model has to be retrained as new
data comes along. The gradual concept drifts may not require the AI to be retrained; it
is probably only when the sudden concept drifts happen that Znipe Sense needs to be
retrained. However, the biggest problem when that happens is that when the changes
have been made by the game developers, there are no data of matches being played in
the new concept yet. It may therefore be a period after each sudden concept drift where
Znipe Sense performs worse than usual.
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6 Empirics

As described in the methodology chapter, this study used the framework approach to
summarize and analyze the empirical data from observations and interviews. According
to the framework approach, the empirical data was structured into theme matrices and
core concepts, and each of these will be described in this chapter. The observations and
the interview with the experienced players were grouped in the theme matrices as they
focused on the Znipe Sense, whilst the interviews with employees are presented on their
own as they were more focused on the company’s perspective on value propositions.

6.1 Game Strategy & Statistics

One of the most central parts in esports is the games themselves. This identified core
concept is all about the game DotA 2, strategies how to play it and statistics about it.
The concept was divided into three different themes: pick strategy, play strategy and
game statistics. These themes will be further further described in this section and they
are summarized in Table 10.

The first identified theme within this concept is what Znipe Sense is all about, pick
strategy. As described earlier in section 2.1.1, each match starts with the teams picking
and banning heroes for the match. Both expert panelists and the experienced players
indicated that this part of the game is extremely complex. They explained that it
involves understanding how the heroes of the game work with and against each other.
They usually discussed detailed characteristics about the heroes that caused synergies
between heroes and how to counter it with other combination of heroes. As described in
the technical part of this thesis, Znipe Sense calculates both synergy and counter scores
that it uses in its predictions. However, these were not displayed to the consumer.

Both the experienced players and the expert panelists mentioned that the sequential
order of picking and banning adds further complexity. It results in a psychological mind
game in which teams try to hide their strategy by picking less crucial heroes first. A
quote from one of the experienced players while watching a team pick their heroes was:
”I don’t know what they are going to do with this. They have to be smarter than us”.
It seemed like for that particular match the professional team in the game managed to
trick the experienced player. However, that also adds a risk team 2 may pick some hero
that team 1 wanted. Therefore, team 1 has to try to trick team 2 into thinking that
team 1 will do some other strategy that they are thinking of doing and the other way
around.

During the picking phase, Znipe Sense displayed five heroes for each team that they
usually play and who are still available for picking. These five heroes were the ones
that the team’s players have had the highest win rate with during their 50 most recent
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matches. This feature was shown to the experienced players and they said that this
kind of information can help teams to know what heroes to ban for the other team. One
of the interviewees mentioned that it is too hard to know the recent strategies of every
team you are facing, therefore as a player you can really benefit from seeing this kind of
data during the picking phase. However, it would be more useful if more than five were
displayed. The expert panelists also demonstrated the usefulness of this feature when
they were discussing what hero they thought one team would pick as last hero and that
the other team should try to ban before. The hero that the team ended up picking was
one of the five that Znipe Sense displayed, but the expert panel got surprised and one
of them shouted out ”Oh! I forgot about that option!” Finally, the experienced players
also mentioned that the tool could be used by the teams before the match to see what
Znipe Sense would say about a few different picks against a certain team and through
that learn good strategies.

The second identified theme within this core concept was the play strategies. Even
though this was not the primary focus for Znipe Sense, an unsurprising capability was
detected. The graph that displayed the predicted advantage over time could sometimes
predict the match to turn from one team having advantage over the other, even correct
about the minutes when it actually happened. However, there were also occasions when
the exact opposite happened. Even though Znipe Sense only sometimes managed to
predict this, it relates to how the expert panelists and the experienced players discussed
the play strategies, that some hero line-ups are stronger earlier in the match and if
time passes a certain point the other line-up is stronger. The strategies discussed by
the panelists and the experienced players included whether the teams needed to play
aggressively or defensively early in the game, to either win the game quickly or drag it
out. Furthermore, the expert panelists discussed what items the heroes could buy in the
game and how the heroes should be coordinated in order to counter the other team’s
strategy. These types of strategies or data were not considered by Znipe Sense.

The statistics theme in this core concept refers to statistics about the game itself. Each
hero in the game has different attributes that Znipe Sense retrieves from an API and
uses in its calculations. Examples of these attributes are the hero’s strength, movement
speed, agility and the damage it can do. Furthermore, the heroes have different skills that
can cause damage to other heroes, heal them, stun them and many more things. These
attributes and skills are sometimes changed by the game creators and that was something
that was discussed by the expert panelists. They discussed how those changes may affect
or have affected the pick and play strategies. The expert panelists also discussed the
pick and win rates of each hero over the past couple of months. These statistics were not
provided to the consumer through Znipe Sense, nor was it discussed during the interview
with the experienced players.

56



Table 10: The theme matrix of the core concept: Professional live tournaments Game strategy & statistics

Empiric Pick strategy Play strategy Statistics

Live stream obser-
vations

Pick strategies are complex, involving
both deep understanding of the heroes in
the game and a psychological game of try-
ing to trick the other team. The pan-
elists were sometimes able to predict what
heroes the teams would pick but they also
demonstrated that it is hard to keep in
mind all options the teams have available.

Strategies such as what items each player
could buy for their heroes and how to
coordinate the team were discussed by
the expert panelists. Furthermore, it was
common to discuss aggressive or defensive
play strategies to try to win the game
early or to endure the game until a cer-
tain point when the team’s line-up gets
stronger and would be able to win.

Panelists discussed pick and win rates of
different heroes as well as how new up-
dates by the game creators could change
these.

Znipe Sense obser-
vations

Znipe Sense showed the top five heroes
for each team that were still available
for picking indicating what heroes each
team might pick. Furthermore, it calcu-
lates synergy and counter scores of picked
heroes for consideration when predicting
the winning team.

The graph displaying predicted advantage
over time could give information about a
stronger late game combination of heroes,
as in Figure 6. These graphs seemed to
often correlate with the expert panelists’
analysis but sometimes also show the ex-
act opposite.

Znipe Sense retrieves the statistics of
heroes that the panelists discussed and
uses it in its calculations. However, this
information is not displayed for the con-
sumers in any way.

Interview with ex-
perienced players

The experienced players emphasized the
complexity of the game when discussing
detailed characteristics of heroes, how
they create synergies with each other and
counter others. They also demonstrated
the mind game when one of the experi-
enced players mentioned that he did not
understand what one team was thinking
while watching them pick heroes. They
conclude that the recently picked heroes
feature in Znipe Sense could be a useful
tool for the players when trying to figure
out the other team’s pick strategy.

”Some time ago, it was obvious where
each hero would play... Nowadays it is
much harder to know”: This quote was
mentioned when talking about strategies
to play some heroes who were picked. The
pro-players verify that there are heroes
that are stronger earlier in the game
whilst others get stronger later. Some
combinations of heroes are also easier to
play than others and require less skills
from the players.

—
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6.2 Players & Teams

This core concept refers to information about the players, such as their careers and recent
performance, as well as their teams’ recent performance and constellations of members.
The empirics gave some insight into how the organization of teams work and that there
is an interest in the characteristics of the players. The findings are summarized in Table
11.

First theme is the player information. During one of the matches the conversation
between the panelists went like the following: ”For this match, Fnatic is a good team but
Abed is their star. They need to make space for him and enable him to be able to win.”
— ”Agree, I think that Abed is probably one of the most mechanically talented players
in the world right now”. This conversation was categorized as player skill level. The skill
level of individual players was a commonly discussed topic amongst the panelists, maybe
because the tournament had an individual competition called most valuable player as
well, where fans could vote to elect the winner of a new car. The skill levels of players
were also discussed by the experienced players. They mentioned that the combination of
players in Team Liquid has for a long time been seen as the best in the world. However,
many of the other professional players and teams have now caught up and the skill levels
are more equal than before. Another common topic identified in the panel discussions
was the players’ carrers in esports. For example, how the player UNiVeRsE (Saahil
Arora) has played in several teams but usually finds his way back to the Team Evil
Geniuses but now he recently left Evil Geniuses to play in the team Fnatic (Liquipedia,
2018).

The second identified theme was the team information. The expert panelists discussed
the team’s latest success such as how many matches or tournaments they won or lost.
One of the panelists usually brought up statistics about the team such as when one
team picked the hero Broodmother; he stated that the team has’t lost a single game
since 2016 when they have picked that hero. Another fact that he added was that when
a team picked a certain hero they lost 67% of their matches but when that same hero
had been banned they only lost 12% of their matches. These types of statistics were not
provided by Znipe Sense nor discussed in the interview with the experienced players.

Both the panelists and the experienced players discussed the number of members and
the role of each member in the teams. Each match in DotA 2 is played by five players
from each team but the team may have more than five members, meaning they need
to choose who is going to play in each tournament. The panelists occasionally focused
their discussion on why the teams selected some members for the current tournament.
In addition to the players, teams may also have coaches. It was discovered in the
interview with the experienced players that teams may even have two types of coaches,
one operational coach who is like a CEO, and one statistical coach who focuses more
on statistics about the game to help the players become better at playing. When the
experienced players got to see the capabilities of Znipe Sense, they discussed that an AI
like Znipe Sense may be the future statistical coach for teams in DotA 2.
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Znipe Sense did not provide the consumer with any information about the players nor
the teams. However, as described in section 5.5.2, Znipe Sense calculates each player’s
skill level in order to consider it when predicting the match. This calculated skill level
can be visualized for the consumer in future versions of Znipe Sense.

Table 11: The theme matrix of the core concept: Players & Teams

Empiric Player information Team information

Live stream ob-
servations

The expert panelists discussed the
players’ skill levels and who the best
player of the tournament was. Further-
more, they could discuss each player’s
career in esports, what teams they
have played in and what roles they
have had in the teams.

Information such as the teams lat-
est performance and some statistics of
their win rate was presented by the
expert panelists. They also discussed
which players were selected to play the
current tournament for the teams that
were more than five players, as only
five players are allowed in a match of
DotA 2.

Znipe Sense ob-
servations

Znipe Sense calculates its own repre-
sentation of each player’s skill level.
However, this is not displayed to
the consumer and therefore Znipe
Sense does not provide any information
about the players.

—

Interview with
experienced
players

Skill levels of the players have in-
creased over time and the professional
scene has gone from having just a few
very skilled players to being more equal
among the professionals.

Teams may have both an operational
coach (CEO) and a statistical coach.
The latter is more like a trainer for the
players.

6.3 Professional Live Tournaments

During this study, it was identified that there are a few differences between any match
in DotA 2 and the matches played during a professional live tournament. These findings
were summarized into a core concept and summarized in Table 12.

The first theme, rules, was identified when I observed that some coaches of the teams
walked around with a paper notebook during the picking phase in the live streams.
Furthermore, a comment from one of the panelists was: ”Maybe [name of coach] looked
through his book of strategy and was like: Alright, which ones are we gonna be taking
here. What hero are we going to bait out, and what strategy is it gonna be.”. It seemed
strange that in this digital industry in 2018 that someone would use a paper notebook
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rather than a digital tool, especially for something as complex as these strategies where
there are millions of options. Therefore, it was suspected that there may be additional
rules in the professional live tournaments that do not allow for digital assistant tools.
However, this was brought up as a topic with the experienced players and according to
them there are no such restrictions. They believed that the coaches used the notebooks
because of convenience as that might be easier to use during the stressful situation.

The second theme is about an identified challenge with live tournaments, delays. As
described in section 5.6, every video stream in a tournament is delayed up to 5 minutes
from when it actually happens for the players to prevent cheating. Additionally, the
data that Znipe Sense used was also delayed and sometimes with a different delay than
the video streams. The reason for this was most likely because the delays on the video
streams are manually set by humans who produce the stream. These delays made it
difficult for Znipe Sense to be synchronized with the video streams. Predictions were
sometimes presented between 10-40 seconds before the picks were finished in the stream,
meaning it revealed what was going to happen before it happened in the stream. On
the other hand, the Znipe Sense predictions could be up to 2 minutes behind the video
stream, resulting in delivering the analysis and prediction almost after the expert panel
was done discussing it. The potential risks of this delay are further discussed in section
7.3.

Table 12: The theme matrix of the core concept: Professional live tournaments

Empiric Rules Delays

Live stream ob-
servations

It was observed that coaches used
paper notebooks during the picking
phase.

Different matches could have different
amount of delays on the video streams.

Znipe Sense ob-
servations

— The different delays on the video
streams and the data used by Znipe
Sense caused streams to be unsynchro-
nized. Znipe sense could present the
final picks up to 40 seconds before the
video streams and up to 2 minutes af-
ter.

Interview with
experienced
players

According to the players, there are
no restrictions on using technical tools
assisting the players with their pick-
ing decisions in live competitive play.
The observed paper notebooks were
believed to be of convenience rather
than restrictions and easier to use than
available digital tools.

—
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6.4 Entertainment & Social Trigger

The Entertainment & Social Trigger concept is focused on the fan experience. This study
made a few findings in this concept that were divided into the themes ”Entertainment”
and ”Social trigger”, which are summarized in Table 13.

Entertainment refers to what fans like to see that creates entertainment. The expert
panel touched upon this topic a few times and mentioned that they like to see when
teams try out new things and when matches swing back and forth so that the players
get to show their capabilities to turn a game around with skilled team plays. During the
later stages of the tournament teams played best of three, meaning a team had to win
two matches against the other to progress in the tournament. In one of these matches,
one of the panelists said, ”I think that they thought what the heck, we are already ahead
one game so why not try this... I love when they do that.” In other words, the panelist
thinks that the best of three allows the players to try out new and unpredictable things
during the tournament that he thinks are fun to see.

The enjoyment of turbulent matches was demonstrated when the second match started
in a best of three series. The panelists commented on how the previous match was
turning back and forth many times. One panelist said: ”I mean, that is what we like
to see right?” The others agreed but also expressed that long turbulent games can be
tough to watch if you were cheering for the team that lost.

When Znipe Sense was shown to the experienced players, it was observed that it worked
as a social trigger. As described in section 4.5.2.3, the interview started with showing the
interviewees the picking phase of a match and discussing the expert panel’s prediction.
During this time, the body language and engagement of interviewees can be described as
relaxed. Their pitch were low, they talked in normal speed, leaned back in their chairs
and had quite short answers. However, when the Znipe Sense prediction was revealed the
atmosphere in the room changed. The interviewees leaned forward in their chairs, started
talking faster and giving long answers and opinions regarding the prediction. Their voices
reached a higher pitch than before and they used more body language while speaking.
This was identified as a genuine increased excitement and the interviewees started to
interact and discuss with each other more. Therefore, this theme was named social
trigger and refers to that Znipe Sense acted as a social trigger for these interviewees.
As an interviewer I sometimes had to interrupt their discussions to keep the time of the
interview.
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Table 13: The theme matrix of the core concept: Entertainment & Social Trigger

Empiric Entertainment Social trigger

Live stream ob-
servations

The expert panel expressed that fans
like to see new things, when teams try
out things and strategies that the fans
have not seen before. The panelists
also appreciated to watch matches that
swing back and forth, when the players
show their capabilities to turn a game
around with skilled team plays.

—

Znipe Sense ob-
servations

— —

Interview with
experienced
players

— The graphs and predictions triggered
the interviewees to interact and dis-
cuss with each other more. The inter-
viewees showed an increased genuine
engagement after they saw the Znipe
Sense predictions. They could start
long discussions about their analyses.

6.5 Predictions & Gambling

The core task of Znipe Sense is to predict the outcome of a match, which the expert
panelists also tried to do. Predicting the outcome of a match is closely related to
gambling and betting, which was a topic that the experienced interviewees touched upon.
The findings of these two themes will hereby be described and they are summarized in
Table 14.

The expert panel did not give their predictions for every match of the tournament. This
was because they only followed one match at a time and some matches were played at
the same time. Out of the 48 observed matches, the expert panel followed and tried to
predict 35. There were always three panelists predicting the match outcome, resulting
in always a majority predicting one team. For simplicity in this study, the majority
prediction of the panel was considered as the panel’s prediction. Their predictions were
given right after the picking phase was over, often with a motivation as well. For example,
one of the panelists said this as prediction and motivation: ”I think that this draft is just
an advertisement for that overall last pick can be very hard to use. Everything that they
could have gone for Abed [player in team Fnatic] there was countered in some way, so
I gotta take Liquid.” Another comment in another match was: ”Warning: Statistically,
strategically, the pick here is EG. I am gonna go with Kinguin because I think this team
plays these five heroes really well.” The panelists did not update their predictions at any
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time, this may partly be because the panelists were not present during the execution
phase of the match, there was always some other person who worked as a commentator
during the execution phase.

Znipe Sense predicted 48 matches during the tournament, i.e., all matches from when
its final version was launched. Similarly to the expert panel, Znipe Sense generated
its prediction right after the picking phase and did not update the prediction during
the game. However, the prediction was different in the sense that Znipe Sense gave
probabilities for each team to win and also a graph of advantage over time, see Figure 6.
When assessing the accuracy of the predictions, the team that had the highest probability
of winning was considered as the team that Znipe Sense predicted to win.

During the interview with the experienced players, they both mentioned that they oc-
casionally place bets when watching matches. One of the interviewees described that
during the ESL One Katowice 2018 tournament, there was a match where the odds for
one team was around 8:1, and based on his own analysis he thought that the team would
soon turn the game around in their favor, which is why he placed a bet on that team.
The team did also succeed in doing this and ended up winning the match and the inter-
viewee won some money on it. Interestingly, Znipe Sense also predicted with its graph
that the same match would turn around in that exact way, but Znipe Sense made this
prediction already directly after the picks. The interviewees both agreed that an AI like
the Znipe Sense would be beneficial even for them as experienced players when placing
bets. One interviewee said: ”This could be very useful even for me when I place bets,
but I would never blindly trust the AI, but it definitely gives me extra more knowledge
to base my decision on as it most likely can see more complex patterns than me.”

The experienced players noted another use case for consumers of Znipe Sense. They
described that during the picking phase, they can in their minds or together with friends
try to predict what hero a team is going to pick. One of the interviewees said: ”As a
spectator you can feel that you are good or smart if you successfully predict a pick.
Even if it is one out of 5 instead of 1 out of 100.” This referred to that there are many
heroes in DotA 2, currently 115, and knowing what hero a team is going to pick may be
very hard. However, if Znipe Sense can narrow it down to show the five most probable
heroes, it would still be challenging to predict but it may help spectators to get that
feeling more often.

6.6 Predictability

When trying to predict the outcome of anything, an obvious topic to discuss is what
factors contribute to winning and the predictability based on those factors. These are
the two themes identified within this concept and they are summarized in Table 15.

Both the experienced players and the expert panelists expressed that the heroes that
were picked for the match are most likely a factor that influences the chance of winning.
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Table 14: The theme matrix of the core concept: Predictions & Gambling

Empiric Predictions Betting/gambling

Live stream ob-
servations

Right after the picking phase, the ex-
pert panel predicted the outcome of
the games by voting for what team
each expert thought will win, and of-
ten with a motivation based on either
characteristics of heroes or the play-
ers’ skills. However, predictions were
not done for all matches in the tour-
nament, as some matches were played
at the same time but the experts only
followed one.

—

Znipe Sense ob-
servations

Znipe Sense predicted all the matches
in the tournament as it could fol-
low and and predict any amount of
matches at the same time. It gener-
ated a probability for each team to win
and it also predicted what team would
have the upper hand and higher chance
to win over time. The predictions were
made right after the picking phase and
were not updated during the game.

—

Interview with
experienced
players

The interviewees explained that if
you manage to predict a hero that a
team picks correctly, you feel good
and smart. A tool like Znipe Sense
can reduce the complexity of these
predictions but you would still feel
the same if you manage to predict
the correct one out of 5 or 10 sug-
gestions.

The interviewees occasionally place
bets on matches. One of the inter-
viewees described when he during the
observed tournament successfully pre-
dicted the winner of the match and
won 8 times the money. Znipe Sense
did predict this same match to turn
as well. The interviewees said that AI
analysis would be beneficial even for
them as experienced players when plac-
ing bets, and that an AI could proba-
bly analyze much more than what they
are capable of analyzing themselves.
However, they still want to have the
final decision.
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During one of the matches, a panelist asked another panelist how much he thought the
picking of heroes matters. His answer was: ”For the previous match, I think it was
decided 80% on the pick.” However, he continued: ”... but for this one I think its going
to be more team play”. The same way the experienced players agreed that the heroes
picked for one match do have some impact on the outcome but they added that some
players may also be superior to others and may be able to win even though they don’t
have as good of a line-up of heroes. In addition to the players’ skill levels and the heroes
picked, the expert panelists also mentioned that factors such as travel distance, amount
of sleep and health as factors that may influence a team to win or not. These additional
factors were not considered by Znipe Sense but it did consider what heroes were picked
and the players’ skill levels.

Knowing factors that influence the outcome is not the same as knowing how it influences
the outcome and being able to predict the outcome. This is something that the expert
panelists clearly demonstrated during the observed tournament. The expert panel was
observed for 35 of the matches during the tournament and after the pick each panelist
predicted who was going to win. By considering the majority prediction, the panel
correctly predicted the winner in 15 matches, which is only 43% correct. Among these
35 matches, 17 were won by one side (radiant team) and 18 by the other (dire team),
meaning guessing on only one side would have given an accuracy of 49%. The panelists
were therefore worse than guessing in this tournament. The reason for the experts’ bad
prediction accuracy here is unknown; maybe they were just unlucky or forgot to take
something into account. However, the experienced players emphasized in the interview
that they thought that even if someone or something ends up predicting the correct
outcome you can still not know if it was for the correct reasons. Anyhow, these numbers
indicate that the predictability of the game may be very low or at least very complex as
earlier stated.

Znipe Sense predicted a total of 44 games during the same tournament and correctly
predicted the winner in 32 out of those. That is an accuracy of almost 73%. For the same
35 matches that the expert panel predicted, Znipe Sense correctly predicted the winner
in 24, which is 68.5% accuracy, significantly better than the expert panel predictions
43%. Interestingly, Znipe Sense correctly predicted the winner in 12 out of the 20 where
the expert panel had an incorrect prediction, and the expert panel correctly predicted
3 out of the 11 incorrect predictions from Znipe Sense. This result shows that for this
tournament, Znipe Sense was correct just as many times (12) when predicting the same
outcome as the panelists, as when predicting the opposite of the panel. Another way
of viewing these numbers is that Znipe Sense had a correct prediction 12 out of the 15
times it predicted the opposite of the expert panel. Furthermore, the accuracy of the
predictions in this study and previous studies indicates that it is possible to predict the
outcomes of the matches to some extent.

By observing the prediction graph by Znipe Sense and the progress of the games, another
surprising discovery was made. In 11 out of the 44 matches, Znipe Sense created a graph
that predicted the advantage to switch side after some time, like in Figure 6. Four out
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of these matches were played longer than the time when the advantage was predicted
to turn, and 3 out of these were correct within 7 minutes of the actual turn. In the last
one, the exact opposite happened instead, still within 7 minutes of the predicted turn.
When stating that the Znipe Sense was correct here, it refers to that the teams’ acquired
gold and experience in the game correlated with the Znipe Sense graph. Unfortunately,
this involves too few examples to be able to draw any conclusions but the observation
indicates that it may be of interest to do a quantitative study on the turning point
predictability based on only hero picks and players’ skill levels.

Table 15: The theme matrix of the core concept: Predictability

Empiric Win factors Predictability

Live stream ob-
servations

According to expert panelists, the
heroes picked for the match do have
an impact on the outcome but it also
matters how the players play the game.
Panelists also discussed factors such as
travel distance, amount of sleep and
health as influencing factors.

The majority prediction of the ex-
pert panel was not able to predict
the matches better than just guessing.
They correctly predicted the winner
only 15 out of 35 matches, which is
only 43%.

Znipe Sense ob-
servations

Znipe Sense only based its prediction
on the heroes picked and the skill level
of each player.

From a total of 44 matches observed,
Znipe Sense correctly predicted 32 of
them, 73%. For the same 35 matches
predicted by the expert panel, Znipe
Sense correctly predicted 24, 68.5%.
It was also observed that Znipe Sense
predicted 4 advantage graphs with a
turnaround point, where 3 were correct
within 7 minutes and for the last one
the exact opposite happened.

Interview with
experienced
players

Interviewees do agree that the heroes
picked do have some impact on the
outcome of the game. Some players
may also be superior to others and may
be able to win even though they don’t
have as good of a line-up of heroes.

The complexity of the game was raised
as a concern for being able to make
predictions with any confidence. One
of the interviewees stated that even if
an expert or an AI manages to pre-
dict the outcome, you can never know
if they were right because of the right
reasons.

6.7 Trust

This core concept was identified only in the interview with the experienced players. It
was divided into two different themes: trust in technology and trust in experts. These
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findings were a bit unexpected but also gave a new perspective on what Znipe Sense is
trying to achieve. Table 16 summarizes these findings.

As the experienced players earlier expressed, they thought that the task of trying to
predict the outcome of a match is exceedingly complex and maybe next to impossible if
only based on the heroes picked. Not even what they had heard before through media,
about how AI can solve complex tasks that humans may see as impossible, was enough
to convince them that an AI could predict the outcome of the games with any certainty.
One of the interviewees explicitly said: ”I would not trust an AI to be able to make
predictions with any level of confidence.”, and continued with: ”I would like to sit down
and try to predict 100 games myself and compare my predictions with the tool, if it
beats me then maybe I could start trusting it”.

Surprisingly, the complexity of the game not only caused the distrust in technology’s
ability to predict the matches but also the expert panelists’ ability to do so. The in-
terviewees said that the members of the expert panels are sometimes less experienced
than themselves. They have greater trust in the analyses made by players more experi-
enced than themselves than the ones who have less experience of playing and base their
analyses purely on statistics.

Table 16: The theme matrix of the core concept: Trust

Empiric Trust in technology Trust in experts

Live stream ob-
servations

— —

Znipe Sense ob-
servations

— —

Interview with
experienced
players

The perceived complexity of the game
causes the interviewees to believe that
it is impossible to predict the out-
comes, even with a superhuman intel-
ligence. One of the interviewees re-
quired proof from a bigger quantity of
matches that it would be better than
himself.

Both interviewees emphasized that the
expert panel analysis cannot always be
trusted. The members of the expert
panel can have different levels of exper-
tise and the interviewees have a hard
time trusting someone with less expe-
rience of playing the game.

6.8 Znipe Esports’ Value Proposition

The interviews with the CEO and business developer at Znipe, company documents, and
notes from meetings were used to get a deeper understanding of Znipe’s current value
proposition. These findings are more focused on the company’s perspective. Therefore,
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a new theme matrix was constructed according to the framework approach. Five dif-
ferent themes were identified: Features, Offering, Customer, Vision and Economy. The
identified themes were not grouped into core concepts as the previous findings. Instead,
all themes were summarized in one table: Table 17.

6.8.1 Features

A very commonly discussed topic during the interviews was the features of Znipe TV,
the technology behind Znipe’s offering. Znipe TV is what consumers can use to watch
esports. It provides the user with features such as HD (High Definition) video quality,
Video On Demand (VOD), live matches, DVR (Digital Video Recording), each player’s
Point Of View (POV), chat, highlights and synchronized streams with friends. These
features were also used in several of the company documents when comparing Znipe’s
offering with competitors’ offerings, together with other features such as news and match
summaries that Znipe TV does not have.

When the CEO explained how Znipe TV is different from competitors’ offerings, he
emphasized the DVR and POV feature. The DVR enables the user to pause and rewind
during a live stream, which is not something that all platforms provide. He said that
this is a ”pain point” for some users because if they miss some action, they would have
to wait until after the match was over, when the video of the full match was uploaded, to
be able to see that moment again. With DVR they can rewind those seconds, watch it
again and then easily catch back up again with the live stream. Furthermore, the Point
Of View feature allows the user to watch the match from how it looks on each player’s
screen. That way, users can watch the professionals and study how they play in order
to learn.

6.8.2 Offering

Ever since Znipe Esports was founded, the goal has been to offer ”The best premium
digital esports experience”. This was described by the CEO during the first interview in
December 2017 and supported by both older and new company documents. In the in-
terview with the business developer at Znipe, the best esports experience was described:
”The best experience is what we provide, technical and content wise. HD, POV, VOD,
exclusive interviews, highlights, exclusive talent insights etc.” He further described that
it is a collaborative offering with their partners as well. Partners such as ESL organize
the tournaments and produce content that Znipe can broadcast with their superior tech-
nology. In some company documents, Znipe’s offering has been further described as a
product that is ”customizable for the consumer for a personalized experience”, with the
possibility to watch the match from any of the player’s perspectives.

In February 2018, Znipe Esports launched a new version of Znipe TV in which esports
content was grouped by tournaments and users needed a Digital Pass to access the
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content. A set of beta users received the Digital Pass for free and got to try out the new
offering. With the Digital Pass, Znipe’s offering got more clear. Consumers can buy
a Digital Pass to access the media content from each tournament. The media content
includes the event stream that is produced by the tournament organizers, exclusive
interviews and Znipe’s own esports panel produced by Znipe Esports with everything
in HD quality, and all features of the Znipe TV platform such as viewing the match
from any player’s perspective. The event stream of ESL One Katowice 2018 was free on
Facebook, but Facebook did not provide any exclusive content.

6.8.3 Vision

During the first interview with the CEO, he said: ”As a startup, we need to be prepared
to change with the market but we rather change it ourselves.” It was unclear at this
point what he meant by changing the industry, but it was made more clear during the
meeting in April. In that meeting, the CEO said: ”We could be just a platform but
we chose not to, we want to change the industry.” With this statement, he meant that
Znipe Esports does have the option to sell the Znipe TV as a platform to tournament
organizers or competitors such as Twitch or Facebook, instead of having the Digital
Pass on their own website and charging the consumers. However, he believes that by
collaborating with other actors in the industry, Znipe Esports have the capability and
opportunity to start a new revenue stream from the consumers at the same time as
providing them with a better esports experience than ever before. The collaboration
with other actors is something that the business developer also emphasized as his view
of how Znipe is entering the market.

6.8.4 Customer

During the interview with the CEO in December 2017, he was asked to try to describe
the user of Znipe TV. He answered: ”Our users are the ambitious gamers, the persons
who wants to learn the game, be better at it and maybe try going pro.” Furthermore,
a quote was found in one of the internal documents describing Znipe Esports’ offering:
”By gamers, with gamers, for gamers”. These quotes show that Znipe Esports were
trying to create value to consumers who also play the games themselves.

In May 2018 Znipe Esports had been selling their new Digital Pass for some time, and
the CEO was asked to describe their typical customer. He answered: ”The typical Znipe
customer is the one who has a true passion for esports. One that see a value in getting
the best experience.” When asked to specify more, like typical age and any special
characteristics, the CEO said: ”we have worked with personas before but to imagine
stuff like that just gives you the wrong expectations; in 2018, we have a global audience.
You cannot really generalize like that in the way a persona does”. It was obvious that
Znipe Esports intentionally had ambiguous descriptions of their target customer to not
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lock themselves to a too narrow target. Even though the user and the customer are the
same for Znipe TV and the CEO gave two different descriptions of these at different
times, the target consumer has not changed over these months.

6.8.5 Economy

According to the CEO, there is a large financial barrier to enter the business that Znipe
Esports has. For every tournament that Znipe Esports want to show on Znipe TV, they
have to pay large license fees to the tournament organizers. An internal document that
was reviewed showed that a license to show one tournament can cost millions of dollars
(the exact amount was requested to be kept confidential). This may not be a problem
for companies like Twitch (owned by Amazon), Facebook or Youtube, which are known
for their deep pockets, but for a startup millions of dollars for just one tournament is a
lot of money. Additionally, Znipe Esports believes that ads and commercials diminish
the experience for the consumers and therefore they have decided to not run a business
model based on ads. Instead, the goal was to charge the consumers with subscription
fees, which is what the Digital Pass is.
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Table 17: The theme matrix constructed from the company perspective, based on interviews with employees, meetings and
company documents.

Empiric Features Offering Vision Customer Economy

CEO Inter-
views

DVR and POV are the
most compelling fea-
tures that Znipe pro-
vides. These features
solves a ”pain point”
for consumers, to never
miss the action.

Znipe aims to offer
”the best premium digi-
tal esports experience”,
through a collaboration
with other actors in the
market.

Znipe wants to change
the industry and create
more collaboration with
actors.

The customer is inten-
tionally described in ab-
stract terms as someone
who has a true passion
for esports and truly
values a high-quality ex-
perience.

Big financial barrier
to enter the industry.
Znipe needs to pay
expensive license fees
in order to broadcast
content from tourna-
ments. The goal is to
charge consumers a
subscription fee to earn
money.

Business
developer
interview

Features is what partly
creates the best esports
experience.

The best esports expe-
rience with all our fea-
tures and exclusive me-
dia content.

The best esports ex-
perince is delivered
through collaboration
with other actors in
the industry and there-
fore he works with
contracting partners.

— —

Meetings &
documents

Znipe TV includes fea-
tures such as HD, POV,
VOD, Live, DVR and
highlights.

Znipe offers a personal-
ized experience for the
consumers of esports.
This is currently pack-
aged as the Digital
Pass, a digital ticket to
a tournament.

Aiming to change the
industry, not just be-
ing a platform. The
change is to start charg-
ing consumers for view-
ing the content from
tournaments.

— Ads and commercials
are believed to dimin-
ish the consumers’ ex-
perience. It was also
found that license fees
for a tournament can
cost millions of dollars.
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7 Analysis

As described in section 4.5.3.2, the PERFA framework was used as a structured analyti-
cal tool to answer the research question of this study. When Lindič and Marques da Silva
(2011) used this framework to analyze how innovations affect the value proposition, they
argued that an innovation usually affects at least one of the factors and may have no
impact on some factors. In this section, I will go through each factor in the framework
and analyze the current state of Znipe’s value proposition and how it is affected by Znipe
Sense.

7.1 Performance

7.1.1 Being Profitable

The first aspect of the performance factor in the PERFA framework is how the company
is working to serve their customers and being profitable (Lindič and Marques da Silva,
2011). As identified through interviews and meetings, Znipe Esports are trying to col-
laborate with other actors within the esport industry to create the best digital esport
experience for the consumers. This can be described and illustrated with the resource
configuration framework by Amit and Han (2017).

The resource configuration of type B in Figure 4 describes a configuration in which
the firm collaborates with other actors to serve the needs of some customers. A specific
example for Znipe Esports is illustrated in Figure 11. Together with the value co-creator
ESL, which was the tournament organizer of ESL One Katowice 2018, Znipe provided
an esport streaming experience for the consumers. Znipe provided their resources such
as their streaming platform, Znipe TV, their work force to structure the streams from
the tournament and Znipe Sense for predictions of the DotA 2 matches. ESL used
their resources to create the tournament and provide broadcasting of an expert panel
and every match of the tournament. According to company documents, ESL charged
millions of dollars as a license fee to distribute their broadcast, which Znipe paid. It
was not researched what ESL needs that are satisfied by the consumers. However, it is
reasonable to believe that in the long run, increased exposure for consumers may have
a positive effect on the financial growth.

Znipe also has financial growth as a need but it was not a priority for this tournament.
Therefore, it was decided on the strategy meeting in February that selected consumers
got beta licenses for free so that they could consume the content and provide Znipe
with consumption behavior data, growth of customer base and increase in customer
reach. For future tournaments, the resource configuration model also includes a pay-
per-view model or monthly subscriptions. This is yet to be determined, depending on
the projected profitability of this resource configuration. However, that is not in the
scope of this study. This analysis only shows how Znipe Sense is included and fits the
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Figure 11: Znipe Esports offering during the ESL One Katowice 2018 tournament,
described with the resource configuration framework by Amit and Han (2017).

current resource configuration for the best digital esports experience that Znipe aims to
offer.

7.1.2 Meeting Customers’ Needs

Another aspect of the performance factor in the PERFA framework is the ability to
meet the customers’ needs. In this study and industry, the needs of the customer were
assumed to be equivalent to what they value when consuming esports. Therefore, the
adapted MSSC framework by Hamari et al. (2017) will be used to describe what needs
the Znipe Sense may be able to meet.

7.1.2.1 Acquisition of Knowledge

Maybe the most obvious factor in the MSSC framework that Znipe Sense can enhance
is acquisition of knowledge. It was identified through the observations and the interview
with the experienced players that Znipe Sense could identify strategies in the game.
Table 10 summarized how Znipe Sense could identify that heroes may be stronger earlier
in the game but later lose their upper hand. Further discoveries were that experienced
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players seem to know this very well already. However, Znipe Sense was able to give
them other perspectives to add to their own analyses. As a novel player, this may not
be something that you know of and Znipe Sense could therefore provide these players
with new knowledge about the pick and play strategies. On the other hand, the current
version of Znipe Sense did not visualize all information it knows of and it may therefore
be hard for a novel player to learn much from it.

Another dimension of the knowledge factor is knowledge about the teams and players. As
described in Table 10, Znipe Sense presented heroes that the players have recently played.
It was also observed that the same kind of information was sometimes discussed by the
expert panelists. However, it was not always something they provided and therefore
this function of Znipe Sense serves as a good addition to the knowledge provided by
the panel discussions. The expert panelists also provided a lot more information about
the teams and players that Znipe Sense did not, for example the players’ careers, the
team’s previous success and what subset of players in the team is playing in the current
tournament. Znipe Sense did have the information of what players were currently playing
but it was not shown visually for the consumer.

7.1.2.2 Vicarious Achievement

Hamari et al. (2017) described this factor to be the feelings a fan can get from the asso-
ciation with a successful team. This study did not identify these feelings in association
with winning teams. However, the same kind of feelings — social prestige, self-esteem
and sense of empowerment — was described when one of the experienced players de-
scribed how it feels when you successfully predict what hero a team will chose next.
According to the experienced player, the feature of Znipe Sense that showed recently
played heroes can make it easier for the spectator to predict the next hero and the feeling
of being correct would still be the same.

7.1.2.3 Skills of the Participants

In Table 13, it was described that the expert panelists usually discussed the skills of the
players and that Znipe Sense calculates it but never shows it to the consumer. Therefore,
Znipe Sense does not directly provide something that contributes to consumers’ increased
understanding of the players’ skill levels. However, the advantage graph and prediction
probabilities may have an indirect influence on the consumers’ appreciation of players’
skills. If Znipe Sense predicted one team to have a win probability of 20% and that
team wins, the consumer may understand that the players managed to win a match
that would be hard for them to win. Or if the advantage graph shows that the match is
going to turn around at some time, it may indicate that it is going to be a match that
the panelists expressed that they liked to see, when the players show their capabilities
to turn a game around with skilled team plays.
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7.1.2.4 Drama

The way the expert panelists described how they liked to see matches that swing back
and forth indicates that they like what the MSSC framework calls ”drama”. As with
the appreciation of players’ skills, Znipe Sense can indirectly contribute to this factor.
Through its prediction over time, the advantage graph shown in Figure 6, it indicates
that this may be a game that will have a dramatic turnaround if the games prolong past
40 minutes. On the other hand, as described in Table 15, these types of predictions are
not always correct.

7.1.2.5 Novelty

The expert panel noted that they like to see when players try new things. This was
something that the panel occasionally discussed during the picking phase of the matches.
For example, they could comment that it was the first time for a player to play a specific
hero on the competitive scene. This kind of information is something that Znipe Sense
does have access to and considers in its calculations. However, Znipe Sense did not
visualize this information for the consumer. This may an easy improvement of Znipe
Sense to also enhance the factor of novelty.

7.1.2.6 Social Interaction

As stated in Table 13, it was observed during the interview with the experienced players
that Znipe Sense predictions triggered them to interact and discuss more with each
other about their analyses. This indicates that Znipe Sense may trigger increased social
interaction between consumers. Furthermore, if the panelists had access to Znipe Sense
predictions it may have the same effect on them and further enhance their discussions.

7.1.2.7 Other factors

The remaining factors of the MSSC framework — aesthetics, escapism, personality of
players and enjoyment of aggression — were not identified to be affected by Znipe Sense.
Even though nothing was identified for these factors, there still may be aspects of the
Znipe Sense that affect these factors for the consumers.

7.1.3 Who is the Customer?

The factors in the MSSC framework are general and diverse, derived from many different
consumers. Each type of consumer may have different needs, and a value proposition
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should fulfill some consumer’s needs. Providing a diverse set of value for a diverse set of
customers may result in the pitfall identified by Anderson et al. (2006), that customers
just think that the proposition includes irrelevant features. Therefore, Anderson et al.
(2006) argue that it is important to know your customers.

In section 6.8.4, it was described that the CEO of Znipe sees their customers as ambitious
gamers and someone with a true passion for esports. He argued that a more specific
definition with the use of personas would just give the firm the wrong expectations of
their customers. When analyzing a value proposition like this, however, I argue that
by using the personas framework one can isolate different types of customers to get a
deeper understanding of how the value proposition is competitive for them. Through
comparison of each factor in the MSSC framework with the description of the personas
by Cheung and Huang (2011), it is possible to see what types of consumers Znipe Sense
can satisfy through the factors.

As described in section 3.5.1, the Curious value knowledge and consume as long as
there are new things to learn (Cheung and Huang, 2011). For this type of person it is
important that the value proposition satisfy the acquisition of knowledge and novelty.
It has been argued above that acquisition of knowledge is enhanced with Znipe Sense.
Furthermore, there are aspects of novelty that Znipe Sense could highlight through
visualization. However, these visualizations were not provided in the current prototype.
By improving Znipe Sense with this type of visualization, it may be possible to satisfy
the needs of the Curious and keep them engaged.

For the Pupil, knowledge about the game and the translation of it into practice is
highly valued (Cheung and Huang, 2011). It was unclear from the empirics how the
current version of the prototype could contribute to turning the knowledge into practice.
However, I would argue that the Znipe Sense could indirectly contribute to that, together
with other features of the Znipe TV platform and the expert panel discussions. A Pupil
could use the Znipe TV platform to study strategies of certain teams by comparing the
Znipe Sense predictions with the team’s execution in the streams. With the digital video
recording (DVR), video on demand (VOD), and point of view (POV) features, the Pupil
can rewind and watch their execution over and over again to learn. Furthermore, by
comparing the Znipe Sense predictions with the expert panel discussions, the Pupil can
see and understand several perspectives of every pick. Finally, when the expert panel is
not present, the Pupil would still get some level of analysis with the Znipe Sense as it
gives predictions for every professional match.

With small modifications such as displaying some of the underlying statistics that Znipe
Sense used, the experienced players indicated that they may be able to turn the knowl-
edge provided by Znipe Sense into practical decisions. As described in section 6.1 they
could use the statistics to try to figure out the opposing team’s strategy and thereby
know which hero to pick or ban next. Furthermore, if some new functionality were im-
plemented, such as running a prediction for every hero left to pick before the team picks
their last hero, the players thought that Znipe Sense could be a tool for professional
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teams during the tournaments. That kind of application could then be highly valuable
for professional players. However, that customer base is only a very small subgroup of
the Pupil.

The Assistant seems to need yet another type of knowledge than the Curious and the
Pupil. According to Cheung and Huang (2011), the Assistant is an advisor to the players,
much like a statistical coach described in section 6.2. A coach may need deep knowledge
of other teams, what strategies they are good at playing and what their weaknesses are.
Even though it was observed that the Znipe Sense could identify strategies and indirectly
identify strengths and weaknesses of a team, it was probably not enough to fully satisfy
the needs of the Assistant. The experienced players indicated that the professionals
probably already know everything that Znipe Sense showed. As the creator of Znipe
Sense, I understand that professionals may know what it shows but I do think it has the
capability to know more than professionals. If it was modified to be a tool in which the
coaches can try many different line-ups against each other for specific teams, it might be
valuable to them. Furthermore, the experienced players also mentioned that as a player
you can get stuck in your thoughts due to time pressure during the match. A tool like
Znipe Sense that can just show you a few statistically good options could then be of
help for professional players anyway.

Based on the description of the Inspired in Table 2, I would argue that the most im-
portant factors from the MSSC framework for the Inspired are the appreciation of the
players’ skills and novelty. The current Znipe Sense prototype did not contribute much
to these factors. On the other hand, it was identified above that Znipe Sense could
enhance these factors by showing statistics such as the number of times a player has
played a hero, their win rates and their estimated skill.

The Entertained was described by Cheung and Huang (2011) as a person who values
many different things. They enjoy watching in the same way people enjoy watching a
television show or a movie. From the perspective of the MSSC framework, I interpret this
as highly related to aesthetics, drama, escapism, personality of the players and maybe
some social interaction. It was observed in this study that Znipe Sense could through
its graph indicate that it may be a dramatic game. Furthermore, depending on the
knowledge of the Entertained the predictions could trigger increased social interaction,
as observed during the interview with the experienced players. These factors could be
enough to attract the Entertained to watch a match. However, nothing in the empirics
indicated that Znipe Sense enhance aesthetics, escapism and personality of the players,
which may also be important for the Entertained.

The Commentator is both a consumer and a co-creator of value for other consumers
(Cheung and Huang, 2011). They probably have factors in the MSSC framework that
they personally value more than others but their job is to try to create value for all
consumers. Therefore, it is assumed that the Commentator values all factors in the
MSSC framework and tries to enhance them for the other consumers. In this study, the
expert panelists are classified as the Commentator consumer. As described in section 6.6,
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the Znipe Sense predictions were correct 12 out of the 15 times it predicted the opposite
of the panelists. This indicates that Znipe Sense may be able to provide the panelists
with knowledge in their analyses, as it seemed to be significantly better at predicting the
outcomes. Finally, the panelists could leverage the Znipe Sense predictions to enhance
all of the MSSC factors.

The Crowd was categorized by Cheung and Huang (2011) as the social watchers. This
directly relates to the social interaction factor in the MSSC framework. It was observed
in this study that Znipe Sense could trigger discussions, which is something that fosters
social interactions and the Crowd enjoys. I would argue that this persona also overlaps
with all the other actively engaged personas. One consumer could be a Pupil but also
enjoy the social interaction as the Crowd.

The last two personas, the Bystander and the Unsatisfied, seemed to be consumers with
very low engagement and were therefore not associated with any of the factors in the
MSSC framework. It is assumed that Znipe Sense cannot provide these consumers with
any value.

Another type of consumer that may overlap with many of the personas by Cheung
and Huang (2011) is the Gambler. For professional tournament matches, spectators
can place live bets on which team they think will win. For this purpose, the Znipe
Sense predictions could provide the Gambler with an analysis to base their gambling
decision on. The experienced players indicated that depending on the reliability and
prediction accuracy of Znipe Sense, and the odds of every match, the Znipe Sense could
be highly valuable to the Gambler. However, the experienced players’ lack of trust in
the technology indicated that some statistical performance of Znipe Sense needs to be
proven before it starts to be viewed as valuable by the Gambler.

7.1.4 Summary of Performance Factor

Using these frameworks to analyze the performance factor has helped to identify possible
next steps for Znipe Sense. It was identified that Znipe Sense fits into the current re-
source configuration of Znipe’s premium esports experience. However, information about
consumers’ willingness to pay for a premium service is missing. The MSSC framework
and the persona framework helped to identify what Znipe Sense offers and to whom, as
well as possible modifications that can broaden the value proposition to serve more con-
sumers’ needs. A summary of whom the current prototype version of Znipe Sense may
be able to satisfy is shown in Figure 12. The MSSC factors that were associated with
the personas are listed under each persona in the figure. Each factor received a grade
of how much it was satisfied by the current prototype for the persona. The Bystander
and the Unsatisfied were not included in the figure as they were considered irrelevant in
this case. The current prototype version of Znipe Sense seemed to be able to satisfy the
basic Pupil, the Commentator and the Crowd. With the small modifications of showing
the underlying statistics that Znipe Sense is basing its decisions on, it may also be able
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to satisfy the Entertained, the Gambler, and the Curious. Finally, with more major
modifications, such as creating assistant tools with the technology, the Znipe Sense may
also be able to satisfy the needs of the Inspired and the Assistant. It was also mentioned
in the text above that professional players may be seen as a more advanced Pupil, who
could be satisfied from the same modifications as for the Assistant.

Pupil

Crowd

Commentator

Gambler  Entertained 

Curious 

Inspired 

Assistant 
Knowledge 
Vicarious achievement 
Skills 

Social 
Drama 

Knowledge 
Vicarious achievement 
Social 
Drama 
Skills 
Novelty 

Knowledge 
Vicarious achievement  

Skills 
Novelty 
Knowledge 

Knowledge 
Novelty 
Skills 

Knowledge 
Novelty 
Skills 

Social 
Drama 
Novelty 

Consumer needs
      Satisfied

      Partially satisfied
      Not satisfied

Figure 12: An illustration of which personas may get their needs satisfied by the current
version of Znipe Sense. The color-filled circle shows that by making changes to Znipe
Sense it may gradually fulfill the needs of more personas.

7.2 Ease-of-use

When Lindič and Marques da Silva (2011) analyzed how innovations enhanced or dimin-
ished Amazon’s value proposition, they used the complexity factor from the theories of
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diffusion of innovation by Rogers and Shoemaker (1971). The complexity of an innova-
tion is defined as ”the degree to which an innovation is perceived as relatively difficult
to understand and use” (Lindič and Marques da Silva, 2011; Rogers and Shoemaker,
1971). This is closely related to how easy it is for a consumer to use the innovation and
thereby either enhance or diminish the value proposition (Lindič and Marques da Silva,
2011). The current version of Znipe Sense was included as a video stream on the Znipe
TV platform. Therefore, Znipe Sense was considered to not affect the ease-of-use of the
general value proposition. However, concerns about the ease-of-use of Znipe Sense itself
was identified.

The interview with the experienced players revealed several concerns regarding the un-
derstanding and interpretation of the predictions made by Znipe Sense. The advantage
over time graph was hard to interpret as it said it was based on heroes but it was actually
including the skill levels and experience of the players as well. There was also confusion
about whether the advantage meant that one team was going to win at that point in
time or if it was associated with gold, experience or team fight advantage. These con-
cerns may be an indication that the current version of Znipe Sense was too complex for
consumers to perceive it as effortless to use. However, in combination with the expert
panel discussions, it may be easier to understand for the consumer. Furthermore, this
complexity only affects the use of Znipe Sense itself and not the rest of Znipe Esports’
value proposition.

7.3 Reliability

Reliability is about delivering according to what was promised (Lindič and Marques da
Silva, 2011). The empirics in this study have shown several aspects that are affecting the
reliability of the value proposition that Znipe Esports is trying to offer. These findings
include: the persistence of expert panel analyses, delay problematics in the streams, lack
of trust in technology and the challenge of concept drift.

When observing the matches during the ESL One Katowice 2018 tournament, it was
found that not all matches were analyzed and predicted by the expert panel. With a
total of 48 observed matches, the expert panel was only analyzing and predicting 35.
The other 13 matches were played at the same time as some other and therefore the
panel could only follow one at a time. However, the Znipe Sense provided its analysis
and prediction for all 48 observed matches. This raises the concept of persistence. If
delivering analyses and predictions is part of the value proposition of the best digital
esport experience for consumers, without Znipe Sense or further investment in expert
panel resources this is not always delivered. With Znipe Sense, the consumers can always
receive some analysis and prediction for the match and when the expert panel is present
the consumers will receive both.

In section 6.3, the problem of stream delays and unsynchronized streams was described.
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As the delays are not consistent, there is currently no other solution than to manually
try to synchronize the streams by delaying the one that is ahead of the other. Not
having synchronized information from the video streams and Znipe Sense could hamper
the reliability of the service. When Znipe Sense is ahead of the video stream by a few
seconds, it may be highly valuable for the consumers who gamble. However, it may also
ruin the thrill that the expert panel is creating through their discussions and lower the
experience for many consumers. It is easy to delay Znipe Sense to be synchronized with
the video streams, and therefore being ahead is not the biggest problem. What creates
the problem is inconsistency. The fact that Znipe Sense could be up to 2 minutes behind
makes it impossible to just automatically add delay to that information because then it
will get even more behind, which is probably not appreciated. This inconsistency may
hamper the consumers’ perception of the stability of Znipe Sense and thereby hamper
its reliability and diminish the value proposition.

The company does not only need to be able to deliver what they promise, the customers
also need to believe that the company is able to (Lindič and Marques da Silva, 2011).
The interview with the experienced players showed that they lack trust in both the
technology and other experts to be able to reliably predict the outcome of a match.
This was based on their deep understanding of the game and that they thought it is too
complex to be able to predict. As the lack of trust was not only towards the capabilities
of the technology but also the human experts, it is assumed that the introduction of the
Znipe Sense won’t diminish the reliability. Instead, with enough proof of performance
it may enhance the reliability as one of the experienced players mentioned that if he got
to use this for about a hundred of matches he might be able to start to trust it. This
gives clear directions of what Znipe Esports could do to enhance the reliability of their
value proposition with the Znipe Sense.

The problem of concept drift, described in section 5.7, is an additional challenge for Znipe
to achieve high reliability of their offering with Znipe Sense. When the game developers
make changes to the game, Znipe Sense may not have learned the new concepts of
the game and therefore may provide more incorrect predictions until it has seen more
matches and learned the new concepts. This problem makes it impossible for Znipe to
promise any level of accuracy of the predictions to the consumers; they can only promise
to provide the best they possibly can. As long as Znipe are clear to the consumers
that the predictions may be more unreliable a short period after major game updates,
it should not have negative effects on the reliability factor, but if too much is promised
to the consumers it may diminish the reliability of the value proposition.

7.4 Flexibility

A competitive value proposition is flexible, and the company should be able to change
it if the environment changes (Lindič and Marques da Silva, 2011). With the ability
to reallocate and reconfigure resources, processes and strategies, a company can stay
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competitive in a rapidly changing industry (Lindič and Marques da Silva, 2011; Martinez
Sánchez and Pérez, 2005). With the current resource configuration in Figure 11, Znipe
Esports could change their proposition to being a platform for esports broadcasting, just
as Amazon switched to being a platform provider instead of competing in the online retail
industry (Lindič and Marques da Silva, 2011). However, this is not something that Znipe
Sense is either making easier or harder, and as described in section 6.8.3, it is not the
value proposition that Znipe Esports want to provide at the moment.

Although Znipe Sense is not an innovation that directly enhances the flexibility of Znipe
Esports’ current value proposition, it does have some flexibility itself. As described
earlier, Znipe Sense could serve even more consumers’ needs in several ways with only
a few modifications. This flexibility may enable Znipe Esports to create other resource
configurations around the Znipe Sense technology if the environment makes the current
resource configuration unsuccessful.

Znipe Sense introduces a few new dependencies in the resource configuration. The anal-
yses and predictions are dependent on the data received from the game developer’s API.
If they decide to change the API, Znipe Sense could stop working, and if they remove
their API service, Znipe Sense would stop working. However, that risk is probably
low as consumers are interested in statistics and the only way to get them is through
third-party services that use the same APIs.

7.5 Affectivity

Affectivity addresses the emotions that consumers experience when using a company’s
service or products (Lindič and Marques da Silva, 2011). As described in section 6.4,
I observed excitement among the interviewees when seeing and discussing the Znipe
Sense predictions. Furthermore, Mobilia (1993) argued that gambling can create positive
emotions that further increase the consumer’s experience and affection of consumption.
These aspects associated with Znipe Sense may enhance the value proposition of deliv-
ering the best digital esports experince. However, gambling can also be highly addictive
and unhealthy for some people (Mobilia, 1993). Having a service or product like Znipe
Sense that may encourage live betting may therefore also hamper the affectivity and the
company’s reputation. This insight should encourage managers within the industry to
think about how they launch such a product so that these negative effects won’t happen.

7.6 Value Proposition Relative to Competitors

As highlighted by Anderson et al. (2006), a successful value proposition should be rel-
ative to competitors’ offers. During the ESL One Katowice 2018 tournament that was
observed during this study, Facebook was the only competitor as they had bought the
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exclusive license for being the only platform to broadcast the event stream for free.
Znipe had a license that allowed them to broadcast the event stream to their closed beta
users, and no other company had this type of license. In other tournaments, Twitch
is usually Znipe’s biggest competitor which, like Facebook, broadcast the event stream
for free to consumers and earned money on ads instead. These competitors offer a the
tournament live stream but without the features like DVR and POV, which as explained
earlier could be valuable to the Pupil. However, one of the competitors’ strengths are
their user base. With a large user base they can have more social interactions in the
chat on their platform than what is offered for the Crowd on Znipe TV.

The expert panelists provided consumers with predictions and analyses of the pick in
most of the matches during the observed tournament. The expert panel discussions are
available for consumers on the competitors’ platforms for free, whilst it is not for free
on Znipe TV. The competitors’ free offer is a competitive edge that lowers the cost and
effort for the consumer. However, Znipe aims for quality by offering the Znipe Sense
predictions and analyses for every match, which in the observed tournament proved to be
more correct than the expert panelists’. Furthermore, none of the identified competitors
offered any type of system or AI that can provide consumers with predictions of match
outcomes.

7.7 Sustainability

According to Caradonna (2014) it is important to discuss the implications a research
may have on sustainability. Sustainability can be seen from a social, economic and envi-
ronmental perspective (Caradonna, 2014). Each of these perspectives can give different
insights as to how research, products or industries may affect people, companies and
society. This section discusses how this study relates to each of the three perspectives.

Social sustainability addresses how companies should try to contribute to human well-
being through closing the gap between rich and poor, promoting health and education,
and making sure that no humans suffer from the company’s business (Caradonna, 2014).
I argue that the introduction of Znipe Sense will not affect education or the gap between
rich and poor. On the other hand, it was identified in this study that Znipe Sense may
have an impact on human health. As previously discussed in section 7.5, the introduction
of Znipe Sense can encourage consumers to start gambling which in turn can cause mental
health problems (Mobilia, 1993). This is a very important risk that Znipe Esports needs
to be aware of when introducing Znipe Sense into their value proposition. Even though
the consumers cannot place bets on Znipe’s platform, Znipe still has a responsibility to
inform the consumers that placing bets based on Znipe Sense predictions is still gambling
with a high risk.

Caradonna (2014) noted that, from a company perspective, economic sustainability can
be to keep human, physical and financial capital growing. Znipe Sense has requires
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low maintenance which can be handled by the current employees, it also doesn’t bring
any new physical capital to the company as long as software is not counted as physical
capital. As briefly mentioned in section 7.1.1, Znipe Sense may have a positive impact
on financial growth for the company in the long run. Economic sustainability is usually
more discussed on a societal level where it refers to having our global economy in a
stable state (Caradonna, 2014), which is something Znipe Sense does not directly affect.

Environmental sustainability is about keeping our nature intact and not destroying it.
For companies, environmental sustainability is about respecting natural capital and
using renewable energy in their businesses (Caradonna, 2014). I argue that the intro-
duction of Znipe Sense does not directly affect the environment more or less than Znipe
Esports’ current business.

7.8 The Enhanced Value Proposition

Considering the analysis of each factor above, I argue that Znipe Sense can enhance Znipe
Esports’ current value proposition of delivering the best digital esport experience. In
illustration of how the value proposition is affected by Znipe Sense through the PERFA
factors is provided in Figure 13. Each factor has a color coded arrow where green
represent an enhancing, yellow represent a neutral and red represent a diminishing effect
on the value proposition. The angle of the arrow represent the level of how much it
is estimated to affect the value proposition. An arrow pointing in vertical direction
represent a major affect, a tilted arrow represent a modest affect and a horizontal arrow
represent a neutral affect. Finally, the warning sign represent an identified risk that
needs to be considered by managers.

Under the performance factor is a reduced version of Figure 12 to illustrate that it was
the fulfillment of consumers’ needs that made the performance factor enhance the value
proposition. It was concluded that the current version of Znipe Sense can satisfy the
needs of the Pupil, the Commentator and the Crowd. The Entertained, the Gambler and
the Curious can be partly satisfied with the current version of Znipe Sense and with small
visual modifications it appears that they can be fully satisfied. Finally, the Inspired and
the Assistant were identified to have needs that required more major changes of Znipe
Sense for them to be satisfied.

In section 7.2 it was noted that the experienced players expressed concerns about the
interpretation of the UI, which contributed to a diminishing effect on the ease-of-use
factor. However, it was also noted that Znipe Sense was included as a video stream
at Znipe TV which made it easily accessible. Furthermore, in section 7.6 it was noted
that the Znipe Sense is a unique feature compared to competitors, which enhances the
ease-of-use and Znipe Esports’ value proposition.

The reliability and flexibility factors were not considered to affect the value proposition.
In section 7.3, trust, delays, persistence and concept drift were discussed to affect the
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reliability in different ways. The trust in technology and experts to predict match
outcomes appeared to be the same, delays of steams and concept drift caused challenges
to provide a reliable service, but the persistence of providing predictions enhances the
reliability. In section 7.4 it was noted that Znipe Sense only introduce a few technical
dependencies that does not affect the rest of the value proposition.

Finally, in section 7.5 and 7.7 the positive and negative effects of gambling were dis-
cussed. The positive effects of enhancing the consumers’ experience can enhance the
value proposition. However, the negative side of gambling risk affecting consumers’
psychological health. Therefore, if not managed correctly by managers when launch-
ing Znipe Sense for the audience, there is a risk that their value proposition will be
diminished.

Despite that this analysis showed that the value proposition can be enhanced for some
consumers and not having direct diminishing effects for others, it is suggested that Znipe
Sense should be a separate ”add-on” product rather than included for everyone. The
reason for this relates to the pitfall described by Anderson et al. (2006) and short story
in the introduction about the TV channels, that consumers who do not perceive it as an
enhancement may instead perceive it as otiose. By providing Znipe Sense as something
extra that consumers can chose it can be targeted for the consumers that perceive it as
an enhancement and not otiose features for other consumers.
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Figure 13: An illustration of the PERFA analysis conducted in this study. Angle and
color of arrows illustrate the affect that the introduction of Znipe Sense may have on
Znipe Esports’ value proposition of providing ”the best digital esports experience”. The
warning triangle indicate a risk that needs to be considered by managers.
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8 Conclusion

This study set out to answer the research question: ”How can a predictive AI affect the
value proposition of live esports consumption?” It was researched with an exploratory
case study research design, where Znipe Sense, a prototype predictive AI for the game
DotA 2 was developed, observed, and analyzed in relation to Znipe Esports’ current
value proposition during the tournament ESL One Katowice (2018). Empirics were
gathered through internal company documents, observations of live streams, interviews
with experienced DotA 2 players and company representatives, and observed company
meetings. The empirics were analyzed with frameworks found during the literature
study. The PERFA framework — which was originally developed to analyze how in-
novations affect value propositions — was the main framework used for the analysis to
answer the research question (Lindič and Marques da Silva, 2011). Finally, the resource
configuration framework by Amit and Han (2017), the adapted MSSC framework by
Hamari et al. (2017), and the personas framework by Cheung and Huang (2011) were
used as additional frameworks when analyzing the performance factor in the PERFA
framework.

It was concluded in section 7.8, and illustrated in Figure 13, that Znipe Sense can in its
current prototype state enhance Znipe Esports’ current value proposition. Znipe Sense
seemed to satisfy the needs of some consumers and therefore, the value proposition of
live esports consumption was considered to be enhanced through the performance factor.
The ease-of-use factor was considered to modestly enhance the value proposition through
the accessibility and uniqueness compared to offers by competitors. Furthermore, Znipe
Sense were considered to neither enhance nor diminish the value proposition through
the reliability and flexibility factors. Finally, it was noted that the introduction of
a predictive AI into live esports comes with a risk of negatively affecting consumers’
health, through encouragement of gambling. This could enhance but also potentially
diminish the value proposition through the affectivity factor. Therefore, it was concluded
that managers need to actively address this issue through management of consumers’
expectations in order to provide a sustainable solution and not risk diminishing their
current value proposition.

8.1 Scientific Contribution

This study has made an empirical contribution to the research about value proposi-
tions within the field of industrial management. By investigating one company’s value
proposition of live esports consumption and how it is affected by the introduction of a
new innovation, this study has generated empirical material of the not yet extensively
researched and still young industry of esports. The results of this study can in the future
be used by other researchers for research on generalized frameworks of value propositions
or other in-depth studies of the esports industry.
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The development of Znipe Sense and the benchmarks in section 5.5 have made both
empirical contributions to the field of computer science and methodological contributions
to the task of match outcome predictions. By testing how neural networks perform on
the task is an empirical contribution for the generalizability of the neural network model.
Furthermore, the level of accuracy achieved by Znipe Sense indicate that using neural
networks for the predictive task is a viable approach and thereby gives a methodological
contribution to how outcomes of the matches can be predicted.

8.2 Limitations and Future Research

The empirics gathered in this study were mostly related to the performance factor in the
PERFA framework and therefore allowed this research to analyze that factor in depth.
The other factors in the PERFA framework were not analyzed in the same depth. One
could research the other factors more in depth to find additional frameworks that can
help to analyze those factors as the MSSC framework helped to analyze the performance
factor. A deeper analysis within the other factors may also require other type of em-
pirics. For example, one could investigate the affectivity factor with frameworks from
psychology and by observing people who place bets on DotA 2 matches with and without
Znipe Sense. Another example could be to analyze different system dependencies for
the technical flexibility of the AI system or on the business side analyze modular design
for the predictive AI to achieve a highly flexible value proposition.

The PERFA framework is not claimed to be a general exhaustive model to analyze value
propositions and no such model was found in the literature during this study. Maybe
such a model cannot exist due to differences of industries and products. However, other
researchers may identify strengths and weaknesses in the approach of this study and
other cases of value proposition analysis in order to finally develop a more generic and
improved framework for qualitative analysis of value propositions.

Although this study concluded that the value proposition can be enhanced for some
consumers, it does not say anything about consumers’ willingness to pay. Consumers
may perceive the value of the service to be higher than before but still not ready to pay
for using Znipe Sense. Big companies such as Twitch, PandaTV and Facebook have for
a long time offered esports streams with an advertising business model and consumers
have gotten used to everything being free of charge. Therefore, consumers’ willingness to
pay is a challenge for companies in the esports industry that could be further researched.

One of the suggested improvements for Znipe Sense was increased transparency and
clarity of the underlying statistics that it used for its decisions. This phenomenon may
go deeper than just weaknesses in the design of the Znipe Sense prototype. The finding
raised the question of whether this may be a general perception of new AI systems, that
the users feel that they cannot trust the system if they don’t know what it is based
on. Does this lack of trust only exist when the AI is new? And will it change over
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time as it proves to the users that it is most often correct? These questions could be
investigated in general for predictive systems in order to help future businesses design
their AI solutions.

The relation between a predictive AI for esports and live betting raised another plausible
research question. As the number of esports consumers are still rapidly growing, the
esports betting industry is also growing. Betting companies provide odds on the matches
and their business models are based on that they can provide odds for consumers that
in the long run makes them lose money. Some previous research has tested the efficient
market hypothesis on betting when they had some predictive model, to see if it was
possible to beat the odds. This is something that could be done in the case of esports
betting as well. The relative high accuracy that Znipe Sense achieved on predicting
the outcome of DotA 2 matches makes me think that it can break the efficient market
hypothesis of DotA 2 live betting.
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Martinez Sánchez, Angel and Manuela Pérez (2005). “Supply chain flexibility and firm
performance: a conceptual model and empirical study in the automotive industry”.
In: International Journal of Operations & Production Management 25.7, pp. 681–
700.

McDonald, Tim (2013). A Beginner’s Guide to Dota 2: Part One – The Basics. PC
Invasion. Online available at https://www.pcinvasion.com/a-beginners-guide-

to-dota-2-part-one-the-basics. Accessed 2018-02-12.

Mitchell, Ferguson (2016). Exploring streaming rights in esports. The Esport Observer.
Online. Available at: https://esportsobserver.com/exploring- streaming-

rights-in-esports/. Accessed 2018-04-02.

Mizik, Natalie and Robert Jacobson (2003). “Trading off between value creation and
value appropriation: The financial implications of shifts in strategic emphasis”. In:
Journal of marketing 67.1, pp. 63–76.

Mobilia, Pamela (1993). “Gambling as a rational addiction”. In: Journal of Gambling
Studies 9.2, pp. 121–151.

Morgan, David L (2014). “Pragmatism as a paradigm for social research”. In: Qualitative
Inquiry 20.8, pp. 1045–1053.

Murphy, Kevin P. (2012). Machine Learning: A Probabilistic Perspective. The MIT Press.
isbn: 0262018020, 9780262018029.

Newzoo Esports (2017). 2017 Global Esports Market Report. Newzoo, San Francisco.

Newzoo Esports (2018). 2018 Global Esports Market Report. Newzoo, San Francisco.

93

http://liquipedia.net/dota2/UNiVeRsE
http://liquipedia.net/dota2/UNiVeRsE
https://www.pcinvasion.com/a-beginners-guide-to-dota-2-part-one-the-basics
https://www.pcinvasion.com/a-beginners-guide-to-dota-2-part-one-the-basics
https://esportsobserver.com/exploring-streaming-rights-in-esports/
https://esportsobserver.com/exploring-streaming-rights-in-esports/


Nicole Pike, Stephen Master (2017). The Esports Playbook. Nielsen Esports. The Nielsen
Company. Online. Available at: http://www.nielsen.com/content/dam/nielsenglobal/
ru/docs/nielsen-esports-playbook.pdf. Accessed 2018-04-02.

OpenDota (2018). OpenDota API Docs. Online. Available at: https://docs.opendota.
com/. Accessed 2018-05-21.

Payne, Adrian, Pennie Frow, and Andreas Eggert (2017). “The customer value propo-
sition: evolution, development, and application in marketing”. In: Journal of the
Academy of Marketing Science 45.4, pp. 467–489.

Pires, Karine and Gwendal Simon (2015). “YouTube live and Twitch: a tour of user-
generated live streaming systems”. In: Proceedings of the 6th ACM Multimedia Sys-
tems Conference. ACM, pp. 225–230.

Pizzo, Anthony et al. (2017). “eSport vs Sport: A Comparison of Spectator Motives”.
In: Sport Marketing Quarterly.

Priem, Richard L (2007). “A consumer perspective on value creation”. In: Academy of
Management Review 32.1, pp. 219–235.
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Appendices

A Guideline for interview with experienced players

A.1 Plan

1. Start showing one or two games and ask them to analyze the picks and predict the
winner.

2. Ask how much they think it matters, picks vs. Play style. In the cases that you
show?

3. Now show Znipe Sense analysis and explain how I as a developer interpret the
analysis.

4. Compare with the team’s analysis and have a discussion around it. How correct
is it?

A.2 Additional questions

• When you train/practice, how do you learn these things? Any structural process?

• In these tournaments, do you have special rules or restrictions that differs from
normal gameplay?

• I’ve seen that coaches usually have their own notebook during pick phase. This
makes me believe that you are not allowed to use any connected devices?

• Have you used any pick suggestion tool during your training or competing? (Veda,
nineouttaten)? Dota plus? What do you think?

• Any other analytical tool when you train?

• If you were allowed to use these tools, do you think it would make any difference
for you?

• Can you think of use cases for such a tool or similar tools for you as a team?
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