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Abstract

The perfect combination of sports and information technologies, implemented in video and computer
games, has made eSports unusually popular, rapidly developing and meeting the challenges of the modern
world. The scale of the competitions and the amount of financial investments in eSports have increased
rapidly. In this regard, special attention is given to activities related to the preparation of sports teams for
competitions. Of particular interest for coaches is the study of the best competitive practices, strategies
and tactics of both teams of rivals and their individual players.

The article proposes and confirms the hypothesis that the methods of training eSports sportsmen based
on mathematical approaches to data analysis are much more substantive and justified, which formally
confirm the advantages of various team tactics and allow drawing conclusions about the prospects for
using various methods of conducting the game.

As the main source of data for analyzing the strategies used by the teams, the demo files of the saved
games of the Counter Strike tournaments were used. Based on them, a dataset was created, including
games’ metadata, data on game situations related to the behavior of individual players - movement, use of
equipment, results of interaction with the enemy, as well as additional computed features of team play
related to the level of game activity, the use of open space, traps, group character and speed of movement.
Based on the methods of machine learning, recommendations are made on important features of priority
team strategies that assume high / low values of these features in case of victory or defeat of the respective
team. Also, was made a study of the features that affect the victory of individual teams with antagonistic
gaming interests.

AHHOTaLUsA

I/I,uea}lbl—[oe co4yeTaHHe CIOPTUBHBIX U I/IH(I)OpMaLU/IOHHbIX TEeXHOJIOTUH, peasiM30BaHHOE B BHU€0- U KOM-
NbIOTEPHbIX UIpaX, cAesaso Ku6epcn0pT HEO0ObIKHOBEHHO NOMyJIAPHBIM, CTPEMUTEJIbBHO pPa3BHUBaAlO-
IHUMCA U OTBEYAKLIMM BbI30BAM COBPEMEHHOI'0O MHpPa. CTpeMHTeJIbeIMI/l TeMIlaMH yBEJIUYUJIUCh KaK
MacIiuTabbl NPOBOAHWMBIX COpeBHOBaHI/Iﬁ, TaK U 06'beMbI d)HHaHCOBbIX BJIOXKEHUU B KI/I6epC1'I0pT. B cBsa3u
C 3TUM 0C06y10 NPpUBJIEKATEJIbHOCTD I10JIy4al0T BU/bI A€ATe/IbHOCTH, CBA3aHHbIE C HOAFOTOBKOﬁ crop-
THUBHbIX KOMaH/l K COp€BHOBAaHHUAM. 0co0bIi HHTepecC [Jid TPeHEepPOB peACTaBadeT U3ydYeHue JIy‘lLL[eﬁ
COpeBHOBaTeJIbHOﬁ MIPaKTUKH, CTpaTeI‘l/Iﬁ W TAKTUK KaK KOMaH/ CONEPHHUKOB, TaK W OTAEJIbHBIX HUX
HUT'PpOKOB.

B craTbe npeaJsioxkeHa U NnoATBepXKAeHa runoresa, 4YTo ropasao 6os1ee cofiepKaTeJbHbI U 000CHOBaHbI
MeTOoAbl NOATOTOBKH KI/IGEpCHOpTCMeHOB, OCHOBAHHbI€ Ha MaTeMaTHYeCKUX I0AX0/laX K aHa/IN3y [aH-
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HBIX, KOTOpble GOpPMabHO OATBEPKIAIT IPEUMYILIECTBA TEX UK UHBIX KOMaH/HbIX TAKTUK U 103BO-
JISIIOT Ce/1aTh BBIBO/bI O EPCIEKTHUBAX UCI0/Ib30BaHHUS TEX WU HHBIX METO/I0B BEJIeHHS UTPBI.

B KauecTBe OCHOBHOTO HCTOYHMKA AAHHBIX [JIs1 aHAIM3a CTPATEerni, UCI0/Ib3yeMbIX KOMaHjaMK Kubep-
CIIOPTCMEHOB, GbIIN KCI0JIb30BaHbI JieMo-dai/ibl COXpaHeHHbIX Urp TypHHUpOoB no Counter Strike. Ha ux
0CHOBe GbLT CGOPMHUPOBAH [JaTaceT, BKJIOYAIOLHil MeTaZlaHHbIE UTPbI, JAHHbIE 06 UTPOBBIX CUTYALUSIX,
CBSI3aHHbIX C IOBEJIEHUEM OT/e/IbHbIX HTPOKOB — IBUXKEHUEM, UCII0JIb30BaHHEM IKUITUPOBKH, Pe3yJbTa-
Tax B3aWMO/EeHCTBHs C IPOTUBHUKOM, a TAKXKe [IOMOJHUTEIbHO PACCYUTAHHbIe MTPU3HAKK KOMaHAHON
WIPBI, CBsI3aHHBIE C yPOBHEM UTPOBOU aKTUBHOCTH, MCII0JIb30BAHHEM OTKPBITOrO MPOCTPAHCTBA, JIOBY-
IIeK, TPYIIIOBOr0 XapaKTepa U CKOPOCTH NepeMellieHusi. Ha 0CHOBe MeTO/J0B MaLlIMHHOTO 00y4Y€eHUs Clie-
JIaHbl PEKOMEH/JAl[MH 0 BAXKHBIX MPU3HAKaX MPUOPUTETHBIX KOMaHAHbBIX CTPATErH, KOTOpbIE MPEeANo-
JIaTal0T BBICOKME/HU3KHUE 3HAYEHUs] ITHUX MPU3HAKOB B Cjay4dae M0GeAbl WM IOPAKEHHs
COOTBETCTBYOLIeH KoMaHAbI. Takke GbLJIO MPOBEAEHO UCCIeJOBaHKe TPHU3HAKOB, BAUSIOLUIUX Ha M06eay

OTAEJIbHBIX KOMaH/[], UMEUNX aHTOTOHUCTUYECKHEe UTPOBbIe HHTEePEeCHI.

Introduction

eSports (also referred to as cybersport, e-sports, electronic sports,
pro gaming) are a form of competitive activity and special practice of
preparing for competitions on the basis of computer and / or video
games. The cyber game provides an environment interaction manage-
ment facilities, ensuring equal conditions of competitions with a per-
son or team to team™.

Modern man is no longer satisfied with the traditional way of leisure
and entertainment and strives for their new forms. Electronic sports
meet the needs of modern man because of extraordinariness and at-
tractiveness, effective implementation of incredible stories in a high
degree. The perfect combination of sports and information technolo-
gies, implemented in video and computer games, has made eSports
unusually popular, rapidly developing and meeting the challenges of
the modern world.

Technologies of electronic sports deeply penetrated all spheres of
modern society, such as entertainment, sports, software, telecommu-
nications, computer equipment production, information technology,
finance [1]. Electronic sports in some countries, such as South Korea,
Japan, Sweden, the United States, have become an important sector of
the national economy and have a financial turnover of tens of billions
of dollars [2-5].

eSports as a sport recognized in Russia. So on June 7, 2016, the order
of the Ministry of Sport of the Russian Federation on the inclusion of
eSports in the register of official sport disciplines of the Russian Fed-
eration was published?. On January 6, 2017, the Ministry of Justice of
the Republic of Belarus registered the Republican Public Association
“Belarusian Federation of eSports”3.

All eSports disciplines are divided into several main classes, distin-
guished by the properties of game spaces, models, the game task and
the developing gaming skills of eSports players: first-person shooters,
real-time strategies, auto- and avia-simulators, team role-playing
games with tactical and strategic game elements and other [6-8].

Features of special training
for eSports competitions

Due to the fact that the prize funds of the eSports competitions can
reach several million dollars, the activities related to the training of
sports teams for competitions received particularly attraction.

Of particular interest to coaches of eSports teams is the study of the
features of human immersion in the game [9 12], the psychology of
human behavior in competitive situations of digital reality [13 19],
human-machine interaction in extreme situations [20 22], the best
competitive practice, strategy and tactics both teams of rivals, and
their individual players [23 26].

Features of individual training for eSports competitions

Traditionally, the training of eSports players is reduced to the
formation of technical skills of playing the game [20] and psychological
stability [14, 15, 16].

The trainers of the eSports teams have developed special methods
with which they can accurately determine the degree of the current
training of the eSports player and the level of his immersion in the
game [9]. It is necessary to monitor each of the player closely to not
miss those moments that need special attention and training. For
example, the instructor noticed that the player incorrectly places
his hands on the keyboard or the mouse is not properly held, or he
has problems with the correct choice of the strategic position in the
game, and so on. Based on this information, the training course can
be adjusted, which makes it possible to work as efficiently as possible
and not teach what players already know or, conversely, to focus on
what is not given to them.

Forming team play skills

First-person shooter assumes not only a high level of individual
training of cyber sportsmen, but a competent and coordinated game
in the team is equally important. Teaching skills and tactics of the

1 Charter of the Russian eSports Federation / Russian eSports Federation [9sekTponnblit pecypc]. URL: https://resf.ru/about/documentation/1/ (zaTa o6paueHus:

20.05.2018).

2 Official Internet portal of legal information
?index=0&rangeSize=1 (#aTa o6pamenus: 20.05.2018).

[3nekTpoHHBIH  pecypc).

URL: http://publication.pravo.gov.ru/Document/View/ 0001201606070022

3 V Belarusi poyavilas’ federaciya kibersporta // Informational portal TUT.BY [dsiekTponnbIit pecypc]. URL: https://42.tut.by/526631 (naTa o6pauenus: 20.05.2018).
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team play is a priority in the training of high-level teams. It includes
a whole complex of exercises and tasks aimed to develop key skills,
starting from the basic exercises and ending with teaching the tactical
guidance of the team.

The main goal of the coach is to create one strong team from the group
of individual talented players. Working with the eSports players, it
is important to realize that the coach has a great influence on their
worldview [25, 26].

At the same time, the perception of the best game practice by the
coaches of eSports teams is subjective, formed as a result of personal
observations, communication with colleagues, and bears the imprint
of his preferences and worldview. The experience of using approaches
based on the use of mathematical methods and formal conclusions to
the organization of the training process are not known to authors.

At high-level eSports tournaments, all games records are saved and
available for later review. Therefore, it is possible to consider the
task of analyzing such stored data not only to learn the qualities of
individual players, but, first of all, to explore the strategy of the team
play, to determine the game style of the team. And also to find the
critical points of the game, on which the final result depends, and to
predict the most likely behavior of the opposing team.

Taking into account the above, the aim of this work is to develop
methods for modeling and analyzing the features of team play
strategies in eSports applications (using the example of Counter
Strike) and developing recommendations based on them that help
achieve high eSports results.

Brief description of the game Counter Strike

Counter-Strike: Global Offensive (CS:GO) - is a multiplayer first-

person shooter computer game developed by Valve Corporation and

Hidden Path Entertainment [6-8]. It is devoted to the confrontation of

terrorists (terrorist forces) and counter-terrorists (counter-terrorist

forces, in the Russian localization of Global Offensive - Special Forces).

The task for the terrorist team is to destroy the counter-terrorist team

and explode the bomb in a certain place (on the game maps there are

usually two this places). The task for the counter-terrorist team is to
destroy the terrorist team and prevent the bomb exploding.

In more detail, we can note the following:

1. The game involves 2 teams of 5 players each.

2. The match takes place on one of the official game maps.

3. The game consists of 2 periods. The first period lasts 15 rounds
(for example, it can end with the score 9-6). The second period
ends if the team wins in 16 rounds (for example, 16-13)

4. Each team spends one period for defense (for the team Counter-
Terrorist Force), and the second period - for the attack (for the
team of terrorists).

5. If after two periods the teams have an equal number of won
rounds (15-15), 2 additional periods of 3 rounds are appointed.

6. At the beginning of each period on the financial account of each
team is 800 USD. At the beginning of each additional period on
the account of each team is 10 000 USD.

Players have access to 5 levels of equipment: the first - for primary

weapons (Shotguns, Sub-Machine Guns, Rifles and Machine Guns);

the second for the secondary weapon (Pistol); the third - for melee

weapons (Knives and Tasers); the fourth for grenades; the fifth - for a

bomb (it can only be carried by terrorists).

In Counter-Strike, one of the aspects of the game is the amount
of money on the player’s account. This money can be used to buy
weapons and equipment. It is possible to shop only in the so-called
buy-zone, presence at which is symbolized by corresponding icon.
The presence of a limited cash account makes serious adjustments
to the tactics of the game. Good and careful planning of the monetary
policy in the match can substantially bring the team closer to winning.

Retrieving data for analysis

Information about all large and small official tournaments since
the release of the Counter Strike (2013) is available on the official
website of HLTV*. It also contains information on upcoming matches,
team’s line-up, statistics, etc. Also through this site, you can get access
practically to all records of the games played in tournaments on
Counter Strike.

Replays are stored there in the form of “demo-files” or “demos”, which
have the extension “*.dem” and are generated by the game server each
time the game ends. Demo files are binary files of special structure,
in which all the events of the completed game are recorded. The size
of the demo file depends on the complexity and duration of the game
and usually reaches several hundred megabytes.

The demo file consists of events associated with the so-called “tick”
(tickrate is unit frequency of sending and receiving data from the
server). During the game, the game machine data is exchanged with
the server. How often this exchange takes place depends on the
tickrate. Each “tick” server and client update the data. The state of
the game zone, the coordinates of the players, the data about the
shoots, the wound and death of the players and other details of the
game process are updated. In official games, the tickrate equals 128,
i.e. there are 128 “ticks” per second.

To extract data from demos, special programs (“demo-parsers”) can
be used. They allow you to provide access to the structure of the demo
file and organize the extraction of information about interesting
events from it. In this paper, the #Demolnfo® parser was used, because
it allows a simple modification and initially has most of the necessary
functions.

Data structures used in the analysis

Based on the capabilities of the demo parser #Demolnfo and its SDK,
the structure of the demo file can be characterized as follows. During
the match, there is a huge number of events. The event includes
not only the murder / death of the player, but also the movement
of players, shots, etc. Each event is tied to a tick. Ticks are counted
throughout the whole round and by the end their number, as a rule,
reaches several hundred thousand. During each event, complete
information is collected about the player (active weapon, health
indicator, position on the mabp, etc.). As a result, the demo file contains
the entire set of events and access to them is done only by “tick”. And
to get the right information it is enough to find the necessary “tick”
and select the necessary information from the provided in the demo
file.

The data that is extracted from the demo file and used for further
analysis will be stored in the form of several log-files represented in
the format of csv-files.

For analysis purposes, we will use files that contain:

4 CS:GO News & Coverage // HLTV.org [dsiekTpoHHbIi pecypc]. URL: https://www.hltv.org/ (naTa o6pamenus: 20.05.2018).

5 #Demolnfo [nexTponnsiii pecypc]. URL: https://github.com/StatsHelix/demoinfo (faTa o6pamenus: 20.05.2018).
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Data on the movement and gaze direction of the players.

Data on the events of “murder / death” (“fighter / victim”).

Data on the events “shots”.

Data on the events “loss of health” (“shot / damage”).

Data on the events “use of grenades”.

Metainformation about the rounds of the game.

These files are generated from the demo file using the #Demolnfo
parser. The parser code was previously modified.

oA wN e

Receiving data related to the features
of the team play

Inaddition to the above “primary” data, which can be directly extracted
from the demo file, various non-elementary features (attributes) of
game situations are also interesting. They can be obtained only as a
result of calculations on the “primary” data.

This, in particular, features such as the size of the controlled space (the
size of the zone visible to the player at various moments in the game);
average speed of moving players at different stages of the game; the
type and direction of hits into the player by enemy and a number of
other features related to both the individual game behavior of the
eSports player, and the features of the team play.

Such features of the game can be used during the training process, for
example, when examining samples of the best game practice or for

comparing your team’s performance with the indicators of a potential
opponent’s team.

In this paper, both “primary” data and computed game features will be
used to determine among them such features that have a significant
impact on the achievement of victory.

Briefly discuss the specifics of some of them.

Estimating the average size of the controlled space for the team

The CS:GO game is played on the official map chosen before the start of
the competition. The player, being at a certain point of such a map, has
a limited controlled space for observation and impact on the enemy
using available weapons. In fact, the player chooses the position in
the game is largely due to the fact that it can help the player to inflict
more damage on the enemy and less damage to himself. Thus, the
search and the occupation of positions that are characterized by a
larger visibility zone on the map (or the same as the larger area of
the player-controlled space) will probably be one of the factors that
significantly affect the result of the game.

In this paper, the official “de_mirage” map was chosen as the map for
analysis. The analysis methods for other maps are similar. The graphic
representation of the map “de_mirage”, an example of the zone of
visibility (controlled zone) for a pre-selected point, and the heat map
of the controlled zones of the map are shown in Figure 1.

o

a0 00

a) the original map

b) an example of the controlled zone

400 ] i1 q ;i o 100 200 w0 400 500 il el o

c) the heat map of the controlled zones

Fig. 1. Example of a game map and evaluation of its controlled zones (zones of visibility)

a) opuUrvHasbHasi KapTa

6) npyMep 30HbI BUJUMOCTH

C) TeIJioBas KapTa 30H BUAUMOCTH

Puc. 1. [IpuMep UrpoBoOii KapThl U OLEHKH BEJIMYHHBI €€ 30H BUJUMOCTH (KOHTPOJIMPYeMOT0 IPOCTPAHCTBA)

In particular, we used the percentage of playing time, during which
the team’s players were in the zone of small (blue color on heat map),
medium (yellow) and high (red) visibility as features of the team play
influencing the victory of a team.

The degree of aggressiveness of the game at various stages

In CS:GO, there are two types of game - aggressive, which is
characterized by fast movement on the game map, and calm.
Aggressive game is considered the preferred option. The advantage of
such game is that the team constantly carries out active movements
and does not use any ambushes, but act actively. This allows you to put
the enemy in a dead end and always have a few seconds of advantage.
Calm game involves slow moving on the map, using all possible tricks
and loopholes for enter the enemy’s rear. It is desirable to use this
variant of the game as part of the group in order to ensure the proper
level of protection.

As one of the features of the game the degree of aggressiveness of
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the team at various stages of the round of the game was considered.
The degree of aggressiveness of the game was calculated on the basis
of the average value of the movement of players on time intervals of
a given size (for example, on intervals of 1000 ticks, which is 12.8
seconds).

Based on the change in the coordinates of each player during the
round, the value of his movement at the given time interval was
calculated. This allowed us to draw conclusions about the team’s
activity at various stages of the game.

Graphs 2a) and 2b) in Figure 2 represent the amount of movement of
teams on the final interval during one round of the game. The third
graph represents the difference in movement for the two teams.
Unfortunately, the magnitude of the aggressiveness of the game can
not uniquely predict the victory: in this round Team 1 won, although
the game of Team 2 was much more aggressive. Thus, the nature of the
dependence of the result of the game on the level of aggressiveness of
the game should be studied in more detail.
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Fig. 2. Example of visualization of data about the aggressiveness of team players
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Determining the nature of the group movement of players

Jsi  KOMaHAHOTO MepeJBHXKEHHs HUrPOKOB  TPaJAMLHOHHO

paccMaTpHBalOTCS ABa BapHaHTa:

For the team movement of players two options are traditionally

considered:

1. Divide, one go straight, and the other gets around the enemy
from the rear.

2. Go together in the chosen direction.

Most players choose the first option, and are often mistaken. Players

are sure that if they surround the enemy, they will win the round,

but this is a misconception. The fact is that when the players are

divided, the strength of their team becomes weaker. For example, a

good player who can neutralize the enemy with one shot, separates

from the partner and goes around. As a result, the group has already

lost a strong team member. Therefore, there is a steady opinion that

it is best to stay together and try to act together.

The work also considered the assumption that prolonged group

movement will achieve a positive result of the game. Movements of

original value
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The share of group movement
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groups of 2 and 3 players were considered.

To calculate the percentage of the group movement of the team, the
game round was divided into n intervals, where n = (game round
length) / 1000). For each of the possible combinations of 5 players
on 2 (or of 5 on 3, in the case of group of 3 players), the percentage
of group movement at each of the n intervals was calculated as
follows. If the distance between all the players in the group for less
than half the interval was less than a certain constant (for example,
100), then their movement was considered as the group movement
within the interval.

Figure 3 graphically shows the share of group movement of the
both teams players. The data was obtained from the game, which
ended in the victory of the terrorist team. The graphs show that the
share of the group movement of the terrorist team is greater than
of the counter-terrorist team. Therefore, we can assume that a high
share of group movement can have positive impact on the result of
the game.
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Fig. 3. Graphical representation of the share of group movement

Puc. 3. 'paduyeckoe npejicTaBiieHye NPOLEHTA IPYIIIOBOrO JABHXKEHUS
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The degree of activity of the game at various stages

The activity of eSports players, determined by the team play tactics,
can vary depending on the stage of the game. We've divide the game
into three stages and analyze the level of activity of players on each of
them. First and last intervals in 1/10 of the total round time will be
defined as “the beginning of the game” and the “the end of the game”,
the remaining 8/10 - as “the middle of the game”.

The percentage of active movement for each team at each stage is
calculated in the same way as in the case of determining the level of
aggressiveness of the game. To calculate the numerical values of the
team'’s game activity at various stages of the game, we will divide the
length of the game round into intervals of 1000 ticks. For each interval,

we find the average amount of movement for all active players of the
team. If the average movement is greater than a certain constant (for
example, 1000), then we assume that the team was actively moved
at this interval. The ratio of the number of such intervals to the total
number of intervals in the game stage will be considered as the
percentage of team activity at this stage.

Figure 4 shows the activity of Team1 and Team2 teams at the initial
stage of the game, in the middle of the game and at the final stage of
the game. For team Team1 percent activity is 71%, 67%, 57% for the
beginning, middle and end of the game, respectively. For team Team2
these indicators are equal 85%, 64%, 71%, respectively.
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Fig. 4. Example of visualization of movement activity

Puc. 4. [Ipumep BU3yau3allu1 aKTUBHOCTH JIBUXKEHUS

Analysis of damage done to the enemy

In first-person shooter games and, in particular, in CS:GO, a lot of
events related to shooting and using of grenades. In addition to the
events of the player’s complete neutralization (murder), intermediate
events are important, involving partial damage to enemy players. In
this regard, various situations of hitting the enemy were analyzed,
such as hitting in front, left, right, behind.

The specified situations can be recognized on the basis of the data of
the main log-file «shot-hits». Using information about the attacker’s
shot direction and the victim’s gaze direction, we can calculate at
what angle relative to the position of the victim the shot was made. If
the angle between the indicated directions is in the range from - t / 4
to 1t / 4 radians - then the shot that caused the damage was made from
behind; in the range from 31 / 4 to 5m / 4 - in the front; in the range
from 7 / 4 to 3w / 4 - on the right; and left in the remaining cases.
Using this approach, you can find the number of hits of each type in
each round of the game. Such data allow us to conclude that players
use traps and a secret location. In the presence of «frontal» hits, obvi-
ously, there is a duel «face to face» (which in games happens rarely). If
there are «on the side» hits, and even more «behind» - we can con-
clude the use of tactic, which involves the use of ambushes, traps and
detours of the enemy, was used.

Evaluation of game situations using machine
learning methods

Formation of a dataset for analysis

To form the dataset, the data extracted directly from the game’s demo
file and the data calculated on the basis of game situations associated
with individual game rounds were used. The dataset was used to
make decisions based on machine learning methods [27, 28].

During the formation of the dataset, 50 saved demo files were pro-
cessed. All demo files were records of games played on the same «de_

CoBpeMmeHHble
MH(OPMaLMOHHbIE
TeXHonormm

n UT-o6pasoBaHue

mirage» map. The total count of records is 1536.

The row of the dataset includes 61 features. Features can be divided
into three categories: the metadata of the round; the data of the ter-
rorist team game; the data of the counter-terrorist team game. The
target value associated with the row is the type of the winning team
- terrorist team or counter-terrorist team.

The metadata of the round contains 15 features and includes, in par-
ticular, the number of the round; duration of the round in ticks; the
number of points scored by the terrorist team; the number of points
scored by the counter-terrorist team; the number of surviving players
in the terrorist team; the number of surviving players in the count-
er-terrorist team; initial sum of money of terrorist team; initial sum of
money of counter-terrorist team; initial equipment of terrorist team;
initial equipment of counter-terrorist team; whether a bomb was
planted; whether the bomb was defused.

The data included in the dataset for terrorist and counter-terrorist
teams is approximately the same. For each team, 23 features are in-
cluded in the dataset. In particular, this is: the start time of the move-
ment; average speed; percentage of active game time; the percentage
of active game time at the k-th stage (k = 1,2,3 - start, middle, end of
the game); percentage of time of group movement (2 players); per-
centage of time of group movement (3 players); the average size of the
zone of visibility per game; the percentage of the k-th level of visibility
(k = 1,2,3 - small, medium, high visibility); the number of shots; the
number of hits; the number of hits in front / back / left / right; the
number of flash / smoke / HE grenades used; percentage of effective-
ly used grenades.

Prediction of the game result

To predict the game result based on the built-in dataset, we conduct-
ed an experiment. In the experiment, four methods of machine learn-
ing were used: the method of decision trees, the method of a random
forest, the method of k-nearest neighbors, and the method of princi-
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pal component analysis.

The software was developed on the basis of the library of machine
learning scikit-learn of Python 3 [27, 28]. When learning the model,
60% of the data from the original data set was used as training data.
The remaining 40% of the data was used as test data.

The results of predicting the victory of an arbitrary team based on the
features of the dataset are presented in Table 1. A high percentage of
correct predictions indicates the correct choice of the features of the
dataset.

Table 1. Percentage of successful predictions of round results

Ta6sinua 1. [IpouieHT ycrnenHoro npejckasaHus pe3ysbTaTa payHja

Method Percentage of correct predictions
Decision trees 97,9 %
Random forest 99,7 %
k-nearest neighbors 97,9 %
Principal component analysis 97,1 %

Factors affecting the result of the game
and recommendations for teams

Prediction the result of the game and recommendations for the
terrorist team
Let’s try to answer the question, what features affect the achievement
of a successful result of game for the terrorist team (as well as the
counter-terrorists team).
We will assume that success (victory) does not depend on the game of
the enemy, but only on the game quality of the team itself. To do this,
we drop all the columns from the dataset in which are the features
associated with the enemy team. As a result, further work is done
with 25 columns of the original dataset.
Onanabbreviated version of the dataset, the accuracy of the prediction
with the decision tree method is reduced to 88.06%. In addition, the
decision tree method allows you to assess the importance of single
game features. Based on the data of the decision tree method, it can
be argued that the following features (sorted in order of decreasing
importance) are most important for assessing the quality of the
game of the terrorist team: “Planting the bomb” (36.66%); “Defusing
the bomb” (18.90%); “The number of hits” (11.35%); “The number
of shots” (6.35%); “Level of equipment” (4.14%); “Duration of the
round” (4.02%); “Percentage of effective use of grenades” (2.92%);
“The number of used HE grenades” (2.63%); “The amount of money
the team in the early rounds” (2.50%); “Percentage of the presence in
the zone of low-level visibility” (2.46%).
On the same basis, we can conclude that the following features do
not play a significant role in predicting the result of the game (the
percentage of their influence on the result is approximately equal to
0.00): “Percentage of active movementat the initial stage”; “Percentage
of active movement in the middle of the game”; “Percentage of the
playing time of the movement by the group of 2”; “Percentage of the
Percentage of time

playing time of the movement by the group of 3”; “
Percentage of time in the zone of

in the high-level visibility zone”; “
middle-level visibility”.

In order to formulate recommendations, it is important to find the
answer to how the most important features affect the victory of the
team - with increasing or decreasing the values of such features. To
do this, we find the mean values of the influencing features in case of

victory and their average values in case of defeat of the terrorist team.

Vol. 14, no 2. 2018 ISSN 2411-1473 sitito.cs.msu.ru

In Figure 5, the red dots correspond to the average values (normalized
to 1) of the features at which the victory of the terrorist team was
achieved. The blue line connects the average (normalized to 1) values
of the same features, at which the victory of the counter-terrorist
team was achieved.
As can be seen in Figure 5, the probability of a victory for the terrorist
team is higher the more the value of the features “4, Planting the
bomb”, “10, Percentage of active movement at the final stage of the
round”, “17, Number of shots”, “18, Number of hits” “19, Number of
hits to the opponent from behind”, “22, Number of smoke grenades
used”, “23, Number of used flash grenades”, “24, Number of HE
grenades used”, “25, Percentage of grenade use efficiency”. Conversely,
the probability of victory for terrorists team is higher, the lower the
value of the features “5, Defusing the bomb”, “14, Percentage of time in
low-level visibility zone”, “15, Percentage of time in the middle-level
visibility zone”, etc.

10
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(6, “T_AvgSpeed), (7, ‘T_PerActiveMove’), (8, ‘T_PerActiveMoveStart),
(9, ‘T_PerActiveMoveMid"),
(10, “T_PerActiveMoveEnd"), (11, ‘T_PerGroupMove2’), (12, ‘T_Per-
GroupMove3’), (13, ‘T_AvgViewArea’),
(14, ‘T_PerViewAreaLess’), (15, ‘T_PerViewAreaMid’), (16, ‘T_Per-
ViewAreaMuch’), (17, ‘T_NumShots’),

(18,, T_NumHits"), (19, , T_NumHitsBack"), (20, , T_NumHitsLeft), (21,
,T_NumHitsFront’),
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Fig. 5. Dependence of the victory of the terrorist team on the values of
game features
Puc. 5. 3aBucumocTb n1o6e/ibl KoMaH/1bl TeppOpPUCTOB OT 3HAYEHU I

aTpu6yTOB UTPbI

Prediction the result of the game and recommendations for the
counter-terrorist team

Let’s also try to answer the same question for another team - what
factors influence the prediction of the result of the game for the
counter-terrorist team.

We also assume that the success of the team does not depend on the
play of the enemy, but only on the level of the play of the team itself.
To do this, we drop all the columns from the dataset containing the
features associated with the terrorist team. As a result, further work
is done with 25 columns of the original dataset.

The accuracy of the prediction with the decision tree method is
reduced to 83.89%. Based on the data of the decision trees method,
it can be argued that in order to assess the quality of the play of the
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counter-terrorist team, the most important are the following features
(sorted in order of decreasing importance): “Planting the bomb”
(36.66%); “Defusing the bomb” (18.90%); “Level of equipment”
(11.63%); “The number of hits” (8.52%); “The amount of money the
team in the early round” (3.92%); “Percentage of the presence in the
zone of middle-level visibility” (2.79%); “Percentage of time of active
movement” (2.70%); “The duration of the round” (2.38%); “The
number of hits to the enemy on the left” (2.13%).

You can also draw a conclusion (based on the data of the dataset
used) that the following features are almost irrelevant for predicting
the result of the game (the percentage of their effect on the result
is approximately equal to 0.00): “Average speed of movement”;
“Percentage of active movementatany stage of theround”; “Percentage
of the playing time of movement by the group”; “Percentage of time in
the zone of high-level visibility”; “Number of smoke grenades used”;
“Number of flash grenades used”.

As before, we will determine how the most important features affect
the victory of the team - with increasing or decreasing the values
of such features. To do this, we will find the average values of the
influencing features in case of victory and their average values in case
of defeat of the terrorist team.

In Figure 6, the blue dots correspond to the average values (normalized
to 1) of the features at which the counter-terrorist team’s victory was
achieved. The red line connects the average (normalized to 1) values of
the same features at which the victory of the terrorist team was achieved.
As can be seen in Figure 6, the probability of the victory of the
counter-terrorist team is greater, the higher the value of the features
“3, Level of Equipment”, “5, Defusing the bomb”, “6, Average speed of
movement”, “8, Percentage of active movement at the initial stage of
the round”, “15, Percentage of average time in the zone of visibility”,
“17, Number of shots”, “18, Number of hits”, “19, Number of hits from
the back”, “22, Number of smoke grenades used”, “23, Number of flash
grenades used”, “24, Number of HE grenades used”, “25, Percentage of
grenade use efficiency”.
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Fig. 6. Dependence of the victory of the counter-terrorist team on the values of
game features
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Conversely, the probability of a counter-terrorist team victory is
higher, the lower the value of the features “4, Planting the bomb”, “9,
Percentage of time in low-level visibility zone”, “16, Percentage of

time in high-level visibility zone”, etc.

Universally important game features

Comparison of the graphs in Figures 5 and 6 confirms that, whether
it be a terrorist team or a counter-terrorist team, there are some
common features of the game that are important for victory. In
particular, the higher the values of the features “The amount of money
the team in the early round”, “Percentage of active movement time”,
“Number of shots”, “Number of hits”, “Number of grenades used”,
“Percentage of time in the zone of middle-range visibility”, etc. , the

greater the probability of winning any of the teams.
Conclusion

In this article, the authors examined and analyzed, based on methods
of data analysis, the advantages of team strategies used in the game
practice and during the training process in the preparing of eSports
players team.

As the main data source for analyzing the strategies used by eSports
players teams, the demo files of the saved games of the Counter
Strike tournaments were used. Methods for selecting and extracting
data for analysis have been developed. Based on them, the dataset
was created, including metadata of games, data on game situations
related to the behavior of eSports players teams movement, use
of equipment, results of interaction with the enemy. Additionally,
team game features related to the level of game activity, control of
open space, the use of traps, the speed of movement and the group
character of the game were calculated.

Based on the methods of machine learning, important features of
team strategies were found. It was also determined which values, high
or low, should have these features in case of victory or defeat of the
team. Also, the study of features that influence the victory of teams
with antagonistic gaming interests was conducted.

We hope that the results of the work will be interesting to coaches and
players of eSports teams, as well as specialists in data analysis.

The events associated with first-person shooter games, in particular,
with the game Counter Strike, are very diverse. This allows us to make
new assumptions about the nature of personal and team strategies
used, to put forward new hypotheses, to form new datasets for
analysis and to conduct their research. Of course, it is interesting to
conduct such an analysis on a training set of data of a much larger
volume, as well as using data obtained on other maps. And also to
perform the search for new game features that significantly affect the
result of this or that team.

Perhaps all this will allow finding, justifying and applying new
schemes and tactics in the training process that will increase the
chances of winning.
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