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Abstract
Esports offer a unique opportunity to conduct human performance studies, as they use mod-
ern hardware and software as an operation platform. Insights on gameplay and underlying
processes may push the development of new and optimal practice methods. The aim of this
study was to investigate performance indicators from in-game data to predict the outcome
of the matches in StarCraft II: Legacy of The Void.

Data from 6509 games (game records) provided by 5 players at the level of Master
or GrandMaster were used. The distribution of analyzed players concerning the preferred
in-game race was as follows: “Protoss” (n=3), “Zerg” (n=1), “Terran” (n=1). Each game
record contained data for both the winner and the loser. In total, 3719 game records and 9
performance indicators were obtained after applying the inclusion criteria.

Logistic regression with 5-fold cross-validation was performed to predict the game
outcome. The model was able to discriminate the game outcome (won, lost) with an
out-of-sample accuracy of 0.728±0.021. The performance indicators which showed the
strongest effect in predicting the game outcome were “minerals lost army” [p-value<0.001,
std odds ratio: 0.069], “minerals killed army” [p-value<0.001, std odds ratio: 6.446],
“minerals used current army” [p-value<0.001, std odds ratio: 4.081], and “minerals killed
economy” [p-value<0.001, std odds ratio: 2.896]. It seems evident that winner optimized
interaction with an opponent by keeping his/her own army intact while inflicting damage
to the opponent’s army or economy. In conclusion, the effective use of the army, based on
optimizing the ratio between units lost and units killed, may be significant in predicting the
game outcome.
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1 Introduction

Esports are modern sports carried out on different technical platforms at the forefront of
measuring performance in human-computer interaction. The competitive nature of esports
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may help with testing new methods of measurement. Esports inherently use the same
computer input devices as in different human-computer interaction studies [15]. The inter-
national presence of esports and their popularity in the last decade can be attributed to
technological development in hardware and software. Introduction of technology and new
methods of activating users allowed for live broadcasting of gameplay and increased view-
ership outside traditional channels, which caused a move away from passive viewing of
games to a more interactive environment due to the rise of streaming platforms [11, 21].
This development has led to academic interest in esports. So far, esports have been stud-
ied from a theoretical standpoint with the primary argument being in the classification of
esports as “real sport” [24].

Sports analytics is widely recognized and used in different contexts. Studies indicate
that correct use of available data may provide a competitive advantage and better game
understanding [40]. Due to the requirement of a technological platform, nearly all elec-
tronic sports have certain features that allow for a thorough statistical analysis of the game.
Games (software) are simulated environments. Such games save the data allowing a game
to be recreated using provided tools, features, or game engines. Due to the virtual nature
of esports, it is possible to obtain highly specific data at high volume and resolution.
This provides a unique opportunity to explore resulting “Big Data” using not only tradi-
tional statistics but also artificial intelligence (AI) and machine learning (ML) tools, thus
uncovering its potential to understand the performance in esports and provide insights on
human-computer interaction (HCI) [5].

1.1 History of Esports

Due to the limited availability of games and technology, esports in its simplest form began
at universities [44]. The first esport competition dates back to the 1970s. The first esports
tournament was called the Intergalactic Spacewar Olympics. It was played at Stanford Uni-
versity in the United States on October 19, 1972 [17]. Some sources on the history of
electronic sports do not mention the games held in 1972 and consider The Space Invaders
Championship - a tournament with an estimated 10,000 spectators - to be the first. The
aforementioned tournament was played using the title Space Invaders [12, 16]. Informa-
tion on the beginnings of electronic sport and its presence in the literature is quite limited.
The first “electronic sportsmen” were certainly scientists, university faculty employees and
students [9].

1.2 Public perception of Esports

The market value data shows a constant increase and estimated further growth and develop-
ment of the esports industry [8]. Surveys indicated more than one million live broadcasts on
Twitch in the period under review from September 29th, 2011 to January 9th, 2012. Figure 1
shows higher average viewership coinciding with the broadcasting of esports events.

The statistics of the World Cyber Games in the years 2000 to 2005 show incremental
growth in terms of the number of people participating in the games, the number of coun-
tries represented, and the associated prize pool, as displayed in Table 1 [20]. Data on prize
money in electronic sports were also collected. A perfect example of such a project is “e-
Sports Earnings” - the database contains statistics dating from 1998. Statistics from 2017
indicate more than 113 million U.S. dollars in prizes, although the credibility of this source
is unknown [14]. On the other hand, it is possible to verify and assess the total prize pool
of major esports events such as The International (Dota 2), which shows constant growth of
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Fig. 1 Average number of viewers in the examined period together with the most important sporting events
[25]

prize pools in the years 2012 to 2021 approximately between 1.6 and 40 million USD. This
can be viewed in contrast to the historical data displayed in Table 1 [31].

Sources indicate that the audience of electronic sports was influenced by the fact that
the recipients were often personally involved in the competition at a level lower than or
equal to the one presented during the tournaments in esports, thus fulfilling the aspect of
socialization in the players’ environment [27].

Despite all the evidence suggesting increasing popularity and professionalism in esports,
the academic research on the topic is primarily theoretical. Multiple studies argue whether
esports can be defined as a “sport” [19, 24, 45].

1.3 Research on gaming performance

Study on exploration of virtual game environments examined the differences in motiva-
tion by defining four different archetypes based on their exploration approach [42]. Sources
on game analysis have addressed the subject of data collection and processing in the con-
text of AI. Such research was conducted with the goal of improving AI based opponents
or evaluating their performance [3, 26]. Publications analyzing how games were played
in electronic sports attempted to find factors that may influence victory or defeat, thus
describing the most desirable course of competition for an electronic sportsman. A study

Table 1 Tournament data for World Cyber Games 2000-2005 [20]

Year 2000 2001 2002 2003 2004 2005

Location Seoul, Seoul, Daejeon, Seoul, San Francisco,

Korea Korea Korea Korea United States Singapore

No. of Countries Represented 17 37 45 55 59 70

WCG Participants 174 389 456 562 642 Approx. 800

Total Prize Money (Approx.),

in USD 200 000 300 000 300 000 350 000 420 000 435 000
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involving the game Dota 2 emphasized the predictors of victory. The researchers analyzed
interactions between rival teams through game record data analysis [41]. Publications on
the collection and use of data from games mention maximizing the chances of winning after
changes resulting from data analysis [7]. Gameplay research conducted in the first expan-
sion of the StarCraft game identified problems related to the prediction of the winner using
AI tools. Artificial intelligence achieved similar results of prediction as human “experts”.
It was found that the humans were considering a different set of variables that could not be
analyzed by AI in this specific study. Furthermore, methods used were related to the cre-
ation of “influence maps” assigned to the units present within the game, determined through
data analysis [39]. Authors researching SC2 point to the value that available data can bring
and their application in game modeling and description. Simulating datasets and training
classifiers is a viable strategy for research of simple combat outcomes [28]. The research
conducted made it possible to find trends related to the application of specific tactics by
analyzing player behavior based on a sequence of created structures. It is worth noting that
the authors also verified application of specific sequences and their relationship with vic-
tory. However, the methodology used excluded basic variables present in the game [33]. Due
to the constant progress in esports and associated technology, the need for future research
in esports and modeling game characteristics can be noted [23]. Part of the research was
conducted using older versions of the game (StarCraft, StarCraft: Brood War, StarCraft II:
Wings of Liberty, StarCraft II: Heart of the Swarm). Such studies could be reproduced in
the newest version of the game: StarCraft II: Legacy of The Void, which was released in
2015 with major gameplay changes [13, 26, 33, 39, 47].

Sources on computer games dealt with data collection and processing. However, so far,
they have not been able to solve the problem comprehensively in the field of esports to
provide easily applicable insights. There have been few studies that analyzed player per-
formance in different games. AI has been used to improve the game design and compare
outcome prediction between human “experts” and AI based tools. There seems to be lim-
ited research describing key performance indicators in elite esports athletes in StarCraft II:
Legacy of the Void. The research gap in analyzing performance of esports athletes is notice-
able [38]. The current study intends to address the research gap from a practical perspective
of human-computer interaction and sport science. Based on the point of view of athletes, it
seems to be appropriate to start the research by verifying the key aspects of the game with
computational methods.

The present study aims to investigate performance indicators which significantly differ-
entiate winners and losers in the game of SC2. The following questions were prepared as
the basis for further research:

– RQ1 Is logistic regression a sufficient method to model the game-engine generated data
to differentiate between player distributions based on the game outcome?

– RQ2 Which of the variables provide a computationally observable distinction between
winners and losers in StarCraft II: Legacy of The Void?

2 Methods

2.1 Inspected game characteristics

StarCraft II: Legacy of The Void (SC2) contains various game modes: 1v1, 2v2, 3v3, 4v4,
Archon, and Arcade. The most competitive and esports related mode (1v1) can be classified
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as a two-person combat, real-time strategy (RTS) game [42, 43]. The goal of the game for
each of the competitors is either to destroy all of the structures, or to make the opponent
resign.

The outcome of a single SC2 game can end in three ways: win, loss, or draw. Winning
or losing a game is achieved either by all of the player’s structures getting destroyed, or
a surrender. A draw occurs when none of the players perform the actions recognized by
the stalemate system built into the game for 129 seconds [30]. Before starting the game,
players decide the “race” they will be playing. Possible choices are: “Terran”, “Zerg”, and
“Protoss”.

The game is initiated by starting the search for an opponent, with the following possible
variants: Ranked game - Players use a built-in system that selects their opponent based on
Matchmaking Rating (MMR) points [29]. Unranked game - Players use a built-in system
that selects their opponent based on a hidden MMR - such games do not affect the position
in the official ranking. Custom game - Players join the lobby (game room), where all game
settings are set and the readiness to play is verified by both players - this mode is used in
tournament games. Immediately after the start of the game, players have access to one main
structure, which allows for further development and production of units. Figure 2 presents
the appearance of basic structures for each race.

Each of the races has different gameplay mechanics. Moreover, the races differ in techno-
logical development. The differences in gameplay can be seen at the beginning of the game.
The basic Protoss unit - Probe - can warp in structures (buildings), which do not require the
presence of any unit to finish constructing. The only condition for the creation of a build-
ing, in this case, is its initialization in a specific area designated by a Pylon, which provides
power to the structures of this race. If the Pylon is destroyed, all structures without power
are unable to sustain production. This condition is true for all static structures except the
main building of this race, i.e. Nexus, and for the structure in question - Pylon. Moreover,
all races in the game have a maximum unit limit. Traditionally, during the 1 vs 1 competi-
tion increase of the unit limit is achieved by building a structure, or a specialized unit. In the
case of Protoss, it is a Pylon. The basic Zerg unit is called a Drone and is designed to cre-
ate structures. Completion of the structure results in the loss of the basic unit, which turns
(evolves) directly into a building. Buildings of this race can only be constructed on creep.
Creep is formed by the basic structure of this race, i.e. Hatchery, or utilizing special units
and structures (Queen, Creep Tumor). A different aspect of Zerg is that to enlarge the unit

Fig. 2 Basic structures - “bases” for each race available in StarCraft II in the following order (from the left):
“Terran”, “Protoss”, “Zerg”
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limit of Zerg one must create a specialized unit - Overlord. The basic Terran unit, SCV, ini-
tiates the construction of a structure and stays with it until the construction is completed.
Exceptions are cases when a player gives an order to stop the construction of a building or an
order to cancel the construction. The basic structure of the Terran is the Command Center.
Some structures of the described race can break away from the ground. Increasing the limit
of units requires a structure - a Supply Depot. A detailed description of all units available in
StarCraft II can be found on the community-managed website of Liquipedia [32].

2.2 Sample

Data from 6509 games obtained from 5 players at the level of Master or GrandMaster
were used with consent for scientific publication. Respondents belonged to approximately
the best 5% of players in the world. Global player ranking statistics are available on plat-
forms such as RankedFTW [37] or for tournament games Alligulac [2]. Each game record
contained data for both the winner and the loser, thus substantially expanding the sample
size given that the opponents are selected based on MMR points and are likely to be dif-
ferent players of similar expertise with their own preferred races which were not verified.
The distribution of analyzed players concerning the preferred in-game race was as follows:
“Protoss” (n=3), “Zerg” (n=1), “Terran” (n=1). Opponents of the examined players were
selected according to the ranking games system based on MMR points.

Extracting data was performed using Python 2.7 with an open-source library provided by
the game developers - Blizzard Entertainment [6]. Initial extraction yielded data from 5937
games played in 1v1 mode.

2.3 Data Pre-processing

Definitions for all of the inspected variables are available in Appendix A. The following
inclusion criteria were applied for filtering the relevant information:

– ranked play (variable competitive equal to 1) - Data were a part of competitive
environment that influenced players’ rating.

– games lasting more than 90 seconds - Games lasted long enough for the players to
interact.

– variable APM higher than 0 - Players must have performed more than 0 actions.
– variable MMR higher than or equal to 0 - Ensured the deletion of data artifacts.
– all other variables higher than or equal to 0 - All of the performance indicators selected

for inspection were positive.

Player race and inclusion criteria filtering information is presented in Table 2.
Any replay that did not meet specified criteria was removed from the dataset. After

applying the inclusion criteria, data from 3719 games were further processed.
The analyses were carried out using game state information. All of the variables which

were available for the analysis are listed in Appendix B. A total of 9 out of 41 variables
were selected. Exclusion of multicollinear performance indicators was performed. Game
records contained pre-computed data saved every 7 seconds in the form of the game state
that occurred at the time of saving. The game state data present were expressed in a unit of
time “gameloop” (See Appendix A). In addition, pre-computed values for APM and MMR
were available for each game. Replays under study were characterized by a high standard
deviation (SD) of the game’s duration. It was found that the minimum value of the game
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Table 2 Race distribution of games and filtering information for inclusion criteria

Before Filter After Each Filter Cumulative

Player Games Games Games

ranked play time APM MMR other

Protoss (n = 3)

Player 1 1608 1498 1473 1473 1451 1122 1122

Player 2 1918 1414 1398 1398 1379 1132 2254

Player 3 852 590 585 585 581 437 2691

Zerg (n = 1)

Player 4 1162 1162 1145 1145 1115 829 3520

Terran (n = 1)

Player 5 397 317 305 305 303 199 3719

duration was at the limit of the criteria. On average games lasted 744.96±291.31 s. Selected
indices after exclusion are shown in Table 3.

2.4 Statistical analysis

Logistic regression was used to model for the result of the game (won, lost). Balancing was
not required as the data for both examined finishing game states were recorded symmet-
rically. Testing out-of-sample validity of current findings was performed by using 5-fold
cross-validation. Pre-processing and statistical analysis were performed using Python 3.7.7
(see the code).

3 Results

3.1 Pre-analysis

To better understand the difference between the final game conditions (won, lost), pre-
analysis was conducted. In Table 3 average results (±SD) are presented with ranges
of values for variables used in the logistic regression modeling with the exception of
“gameloop”, which does not differentiate between winning and losing. The variable “min-
erals used current army” differentiated between victory and defeat by an average of 271.18
minerals. It was found that the winning players lost on average 137.66 minerals per army
unit less than the players who were defeated.

3.2 Logistic regression

For further modelling and inspection, logistic regression was used. Results of logistic regres-
sion conducted on the chosen performance indicators are displayed in Table 4. It was found
that one of the selected variables (APM) did not significantly differentiate between the ana-
lyzed game outcomes (won, lost) with a p-value >0.05. Every other variable was found
to significantly differentiate between winners and losers at different thresholds of p-value
<0.05, <0.01, <0.001. The analysis of selected performance indicators confirmed that the
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Table 3 Descriptive statistics for analyzed data (n = 3719)

Analyzed Parameter Average Min Max

won lost won lost won lost

game time [s] 744.96 744.96 169.64 169.64 3857.41 3857.41

±291.31 ±291.31

minerals used current army 1546.46 1275.28 19.57 20.45 7199.10 8564.11

±830.48 ±769.90

minerals collection rate 1620.59 1482.60 323.22 229.66 2671.51 2487.57

±378.34 ±358.96

workers active count 41.07 37.75 6.44 5.86 70.46 65.66

±10.90 ±10.24

food made 92.40 85.54 19.94 20.69 282.45 255.74

±34.64 ±32.83

food used 71.08 62.95 12.15 11.34 166.66 143.81

±27.10 ±24.16

minerals killed economy 521.21 356.78 1.11 0.00 5353.46 7107.64

±504.12 ±446.51

minerals lost army 1614.34 1752.00 4.24 4.44 25742.80 32631.19

±1920.67 ±1953.26

minerals killed army 1756.52 1619.25 4.44 4.24 32631.19 25742.80

±1955.29 ±1926.27

MMR 5926.77 5790.31 4007.00 3598.00 7202.00 6903.00

±351.47 ±350.58

APM 255.81 246.58 100.00 68.00 709.00 530.00

±65.68 ±61.33

minerals current 368.71 321.79 63.52 48.14 8769.99 2787.64

±290.89 ±197.91

highest standardized coefficient magnitude and standardized odds ratio with respect to vic-
tory were observed for “minerals lost army” [std coefficient: -2.675, std odds ratio: 0.069].
In contrast, the variables “minerals killed army” [std coefficient: 1.864, std odds ratio:
6.446] and “minerals used current army” [std coefficient: 1.406, std odds ratio: 4.081] were
found to be positively associated with victory. The rest of the observed selected variables
concerned parts of the game economy with standardized coefficient magnitudes regarding
victory ranging from -2.146 to 1.610.

The logistic regression model showed high accuracy, AUC, and AUCPR. Furthermore,
the low standard deviation in cross-validation results shows that the model was stable and
reliable for out-of-sample validity. Selected performance metrics (±SD) are presented in
Table 5.

In Fig. 3 the receiver operating characteristic (ROC) curve is displayed for the model
with the AUC metric obtained on the testing set. The plot shows the diagnostic ability of the
trained logistic regression model at different classification thresholds.
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Table 5 Train, test and
cross-validation metrics Metric Train Cross-Validation±SD

Accuracy 0.742 0.728±0.021

AUC 0.800 0.798±0.021

AUCPR 0.798 0.798±0.037

Confusion matrices obtained in training and cross-validation, and used to calculate the
metrics of the model, are shown in Table 6. Information Displayed is the number of true
negatives, false positives, false negatives, and true positives classified for possible outcomes
(won, lost) predicted in the process of training and cross-validation.

4 Summary

The Availability of modern analytical tools may increase player performance if used cor-
rectly [1, 18, 35]. The use of new technologies is at the heart of electronic sports. Using
game engines to simulate a game environment creates the possibility to directly interfere
with data available immediately after the game is over [10, 36]. In some cases, it might be
possible to interface directly with the game server or the game engine to provide real-time
information on player performance, as shown by the research done on reinforcement learn-
ing [22]. Video games constituting a platform for esports differ from other software as a
medium. It seems that esports are a perfect bridge between sports science and computer sci-
ence in the specific areas of human-computer interaction and sports analytics, among others
[4].

We claim that the results obtained by using logistic regression were sufficient to describe
the key performance indicators (determinants of victory) in StarCraft II: Legacy of the Void.
This statement provides answer to the research question RQ1: “Is Logistic Regression a
sufficient method to model the game-engine generated data to differentiate between player
distributions based on the game outcome?”. Moreover, all of the inspected variables provide
meaningful distinction between winning and losing players in our dataset, simultaneously

Fig. 3 ROC curve generated by H2O in the process of testing. Area under the ROC curve (AUC) = 0.8094
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Table 6 Confusion matrices for training at max f1 @ threshold = 0.457, testing at max f1 @ threshold =
0.384, and cross-validation at max f1 @ threshold = 0.467

lost won Error Rate

Train

lost 1274.0 580.0 0.313 (580.0/1854.0)

won 419.0 1459.0 0.223 (419.0/1878.0)

Total 1693.0 2039.0 0.268 (999.0/3732.0)

Test

lost 1034.0 831.0 0.446 (831.0/1865.0)

won 255.0 1586.0 0.139 (255.0/1841.0)

Total 1289.0 2417.0 0.293 (1086.0/3706.0)

Cross-Validation

lost 1306.0 548.0 0.296 (548.0/1854.0)

won 445.0 1433.0 0.237 (445.0/1878.0)

Total 1751.0 1981.0 0.266 (993.0/3732.0)

answering the research question RQ2 that asks: “Which of the variables provide a compu-
tationally observable distinction between winners and losers in StarCraft II: Legacy of The
Void?”. This is described in detail in Section 4.1

4.1 Key findings

The present study aimed to analyze selected performance indicators (see Appendix A) that
allow for player differentiation concerning the game outcome. Key findings were split into
three categories based on in-game mechanics. The first category, “micro”, is the results that
concern army units and their utilization. The second category, “macro”, is the results that
concern the in-game economy. The third category is the overall performance indicators. Key
findings are associated with standardized coefficient, and standardized odds ratio values.
Standardized coefficients explains the change in dependent variable - game outcome pre-
diction (won, lost) for increase of one standard deviation change in measured independent
variable (performance indicator) distribution. Standardized odds ratio explain the change
in odds of classifying the game outcome (won, lost) for increase of one standard deviation
change in measured independent variable (performance indicator) distribution [34].

All of the variables from the first category were found to be statistically significant with
p-values <0.001 for “minerals lost army” [std coefficient: -2.675, std odds ratio: 0.069],
“minerals killed army” [std coefficient: 1.864, std odds ratio: 6.446], “minerals used cur-
rent army” [std coefficient: 1.406, std odds ratio: 4.081], and “minerals killed economy”
[std coefficient: 1.063, std odds ratio: 2.896]. It seems evident that the winner optimized
interaction with an opponent by keeping his/her own army intact while inflicting damage
to the opponent’s army or economy. These results highlight the importance of proper unit
control at the highest level of play.

The second category was found to have some variables with p-values suggesting lower
significance with thresholds of p-value <0.05, <0.01. Standardized coefficient values
were “minerals collection rate” [std coefficient: 1.610, std odds ratio: 5.003], “food used”
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[std coefficient: 0.265, std odds ratio: 1.304], “minerals current” [std coefficient: 0.110,
std odds ratio: 1.116], “workers active count” [std coefficient: -0.562, std odds ratio:
0.570], and “food made” [std coefficient: -2.146, std odds ratio: 0.117]. The results sug-
gest that the most important part of the in-game economy is obtaining minerals that can be
spent either to further expand the economic potential, or to build more army units. Another
important highlight is that the variable “workers active count” specifying how much min-
eral harvesting units were created seems to negatively impact the chance of winning. This
suggests that optimizing the number of harvesting units versus the limit of 2 workers per
mineral patch is important and that any disruptive action in the area of harvesting minerals
can be used to gain an advantage.

In the third category containing overall performance indicators one of the variables to
be insignificant i.e. APM (p-value >0.05), meaning that both winner and loser had similar
ability in performing actions. This suggests that at the analyzed level of play the quality of
actions is more important than their volume. The second variable in the category of overall
performance indicators i.e. MMR (p-value <0.001), differentiated players with the fol-
lowing values: std coefficient: 0.309, std odds ratio: 1.362. This result suggests that even
though analyzed players were at the highest level of play, referred to as Master and Grand-
Master, the internal system selected players with varied experience levels attributed to the
same broader category.

A Different study highlighted other performance indicators which differentiate players
through broad skill categories present in the in-game system: Bronze, Silver, Gold, Plat-
inum, Diamond, Master, and a category not available in-game - professional. Currently, the
system offers one more category of expertise - GrandMaster - which is associated with the
top 200 players on a given server. Their study suggests that the value of APM is ranked as
the first performance indicator that differentiates between levels of Bronze players and pro-
fessionals. On the other hand, the value of “workers active count”, which is close to their
performance indicator “workers made”, showed the biggest difference between Bronze and
Gold levels of play [46].

4.2 Limitations and future work

The authors highlight the most basic, yet highly descriptive data. This made it possible to
provide basic insights towards key aspects of the game using available information. Most of
the in-game decisions derive from data that were analyzed. The present study shows differ-
ent key performance indicators in the game of StarCraft II, and how they might be explored,
but it is not without limitations. The remaining variables present in StarCraft II, which were
not analyzed, should be considered to expand knowledge on more nuanced information,
such as game tactics and precise unit control. Such nuanced information should also include
gameplay differences based on server, maps, and preferred race. Ultimately real-time game-
engine generated data provide the ability to perform sequence analysis on unit control and
decision-making sequences. Such research could uncover time-related insights and pivotal
points of the game.

It is recommended to undertake further research to find more factors and variables
that explain different key components of gameplay in esports. In our study, we have only
analyzed StarCraft II: Legacy of the Void. It is recommended to compare our results by
researching other games. Additionally, we recognize that logistic regression is one of many
classification methods, we recommend using other models and datasets to recreate, compare
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and verify what was described in our work. Moreover, future research should analyze play-
ers at different levels of gameplay to develop optimal training methods aimed at maximizing
the individual potential and, ultimately, competition outcome.

5 Conclusions

Based on the evidence presented, the following conclusions were drawn:

– The method of logistic regression allows one to find the key performance indicators
(determinants of victory).

– It is possible to find the determinants of victory in esports using computational meth-
ods and the tools available in statistics, provided that the available data are properly
processed beforehand.

– The main determinant of victory was found to be “minerals killed army”.
– The Average value of all the positive performance indicators was higher for winners.

In conclusion, the characteristics of players in terms of winning the competition at the
highest level can be used as a model to follow.

Appendix A: Definitions

– APM - “Actions Per Minute” is a variable present in the game record, meaning the
average number of actions performed by players in each minute of the game.

– MMR - “Matchmaking Rating” is a variable that indicates the number of ranking points
of a given player. According to this variable, players are selected for competing within
the internal game system.

– total gameloop - the total game duration, in gameloop units. One second is equal to
22.4 gameloop units.

– gameloop - unit of time as recorded by the game engine.
– minerals collection rate - the average observed state of mineral extraction per minute.

Minerals are the basic currency used to construct structures.
– minerals current - a record of the current state of the minerals.
– minerals lost army - a record expressing the loss of minerals that were used to construct

an army unit. It occurs when a player’s army unit has been destroyed.
– minerals killed army - a record expressing the value of enemy army units (in minerals)

that a player has destroyed.
– food made - the limit of units that can be created by a given player.
– food used - record expressing the used limit of units of a given player.
– minerals used current army - a variable expressing the sum of minerals used for units

of the player’s army.
– workers active count - number of basic mineral extraction units.
– minerals killed economy - is a record expressing the value (in minerals) of enemy

mining units and bases destroyed by the player.
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Appendix B: Available variables

All of the available game state variables: total gameloop, gameloop,
minerals used current technology, minerals lost technology,
vespene used current technology, vespene current,
vespene used in progress technology, minerals collection rate,
minerals current, minerals lost army, minerals used current economy,
vespene friendly fire economy, vespene used current economy,
minerals used in progress army, minerals killed army,
vespene used active forces, vespene used in progress economy,
minerals used in progress technology, vespene used in progress army,
food made, food used, vespene friendly fire army, vespene killed technology, miner-
als used in progress economy, minerals friendly fire technology,
vespene lost army, workers active count, vespene lost economy,
minerals lost economy, minerals friendly fire economy,
minerals killed technology, vespene lost technology,
minerals used current army,minerals killed economy,vespene collection rate,
vespene used current army,minerals used active forces,
vespene friendly fire technology, vespene killed army,
minerals friendly fire army, vespene killed economy
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