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The topic of this thesis is spatial analytics in competitive gaming and e-sports. The way in which players 

analyze spatial aspects of gameplay has not been well documented. I study how game, genre and skill 

level affect the use of spatial analysis in competitive gaming. My aim is also to identify the benefits and 

challenges of spatial analytics, as well as the need for new spatial analytical tools.  

    Four games of different popular competitive gaming genres were chosen for the study. An online 

survey was conducted which resulted in a cross-sectional dataset of 2453 responses. It was analyzed using 

ordinal logistic regression and histogram-based gradient boosting in a cross-validating manner. Open-field 
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content analysis. Additionally, experts of each game were interviewed. 

    The results show that the use and understanding of spatial analysis is largely not game- or genre 
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a rapidly growing phenomenon, and the analytics that support its growth should follow. 
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List of central terms 

The central terms and abbreviations used in this study are explained in this index. 

BART: A deep learning method of denoising sequence-to-sequence pre-training for 

natural language generation, translation, and comprehension. 

Battle royale: A video game genre where multiple players fight until only one player or 

team survives. Similar to last man standing. 

CS:GO: Counter-Strike: Global Offensive, a first-person shooting video game 

developed by Valve. 

Competitive gaming: Playing video games specifically to develop expertise and 

attending video game tournaments as a competitor. 

Dota 2: Defense of the Ancients 2, a multiplayer online battle arena game developed by 

Valve. 

E-sports: Playing video games competitively. Often has the connotation of professional 

play. 

Fog of war: A fog that blocks the eyesight of faraway objects in Dota 2. 

FPS: First-person shooting game. A shooting action game where the player views the 

world from the point of view of the player character. 

Gamer: A person, who plays games actively. 

Game analytics: Game analytics means applying methods of statistics to the context of 

video games. Game analytics are used by players, game developers and researchers. 

Game design: The design and planning of visual and gameplay elements of a video 

game. 

Game plan: The strategy and the execution of the strategy that a player has for winning 

a game. 

Hitbox: The area where an attack or ability is active in a video game. Mostly used in 

fighting games where attacks consist of the character animation, the hitbox and the 

effect of the hitbox, most usually damage and knockback. 



 

 

 

Neutral: In fighting games, the neutral is a term used for the state of gameplay in which 

both player characters are in an equal position near the center of the playing field or 

stage. One of the most important aspects of fighting games is to win the neutral and 

trying to get back to it. Other states are advantage or disadvantage, where one of the 

player characters are cornered near the edge of the playing field or getting comboed. 

Melee: Super Smash Bros. Melee, the 2002 installation in the platform fighting video 

game series by Nintendo.  

MOBA: Multiplayer online battle arena, a video game genre where players work as a 

team to defeat the opposing team in a sandbox arena.  

Mod: A third-party created modification for a game. For example Slippi for Super 

Smash Bros. Melee. 

Modding: The use or development of a mod, a third-party created modification for a 

game.  

Minimap: A small map that is often present in the corner of a user interface in video 

games. 

SMOTE: Synthetic minority oversampling technique. 

Spatial: Location-related. It can refer to position, movement or distances, and can cover 

temporal aspects as well.  

Spatial analysis: A subgroup of statistical analysis that takes location into 

consideration, for example analyzing distances, location or movement.  

Spatial awareness: The skill of being aware what is happening around the playing field 

in video games. 

Telemetry: An automated process, where data is gathered from a distance source. In the 

context of video games telemetry implies gathering data from the game, for example the 

coordinates of a player character. 

PUBG: PlayerUnknown’s Battlegrounds, a 2017 battle royale shooting video game by 

PUBG Corporation. 

Smoke: Smoke grenade, a type of utility used in Counter-Strike: Global Offensive and 

PlayerUnknown’s Battlegrounds. 



 

 

 

Ward: An enemy-sensoring entity in Dota 2. Wards are placed on the map to gain 

minimap vision on areas that are too far away to see otherwise. 
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1 Introduction 

When playing video games against other people, have you ever thought of where the 

best place to hide is? Or what would be the safest route to the objective? Or if there is a 

way of learning about them in an objective manner? If you have not, it may be that you 

should. 

Using analytics to optimize performance has been used in traditional sports for a 

long time, most notably by Billy Bean who revolutionized baseball by scouting 

underrated players in the American League in 2002 and winning 20 games in row 

(Baseball Reference, 2002). A similar process happened to NBA, but this time with 

spatial analytics. Mapping player shots revolutionized the three-pointer shot and killed 

the two-point jump throw (Goldsberry, 2019). Using statistics and mathematical models 

to achieve results is becoming more valuable for sports teams (Schumaker, Solieman, & 

Chen, 2010, p. 63). Statistics are utilized in varying areas: winner predictions, weakness 

identification as well as simulating games. Teams then create counter measures and 

focus on the weakness areas in their training to correct them. A similar change that 

happened to sports is happening to e-sports also, as access to match footage and data 

informs the creation of pre-game strategies, analysing matches post-game and guiding 

training regimes (intel, 2019).  

 Drachen and Schubert (2013) list the different types of spatial game analytics 

that have been in use, but state that the field is still in its infancy. They see a large 

potential for it, but mainly look at it from the game development perspective. Drachen 

et al. (2014) study Dota 2 and deduce that spatio-temporal behaviour of MOBA teams is 

highly related to team skill. Spatial analytics can also benefit e-sports spectators and 

streamers, as added spatial statistics makes it easier for spectators to identify important 

game events and reveals large-scale player behaviors that might otherwise be 

overlooked (Hoobler, Humphreys, & Agrawala, 2004). 

The number of players in video game tournaments and game events vary from 

eight players to multiple thousands of players, depending on the type of event. The 

viewership for these types of events can exceed a million concurrent viewers, and the 

games can be watched live on online streaming websites. The prizes for the biggest 
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tournaments can be over 40 million dollars. There are specific betting websites and 

services for e-sports, that can annually exceed 7 billion dollars (Lega Sports Report, 

2021). While e-sports is fun for the players, it can also benefit the game developers, as 

having an esport pro-active developer helps a multiplayer game become successful 

(Bonemark, 2013, p. 6). 

Despite research having been done regarding the spatio-temporal aspects of 

player behavior, the way in which competitive gamers analyze space has not been well 

documented in scientific literature. The literature is limited on the effect of game genre 

and player skill level on spatial analysis. There is also little knowledge gathered about 

what kinds of spatial analytical tools are beneficial, and what kind of new tools would 

be needed in the competitive gaming scenes. 

The topic of this thesis is spatial analysis in competitive gaming. I study how 

players of different skill levels analyze the spatial aspects of their games. Professional 

e-sports players develop their gameplay skills with the help of analysts and coaches. E-

sports teams often have experts dedicated to a certain game and their job is to support 

players and the success of the whole team. One way of analyzing the game is studying 

its spatial aspects: positions, movement, ranges, maps, and so on. 

I focus on four genres: first-person shooting, multiplayer online battle arena, 

battle royale and fighting. I have chosen one representative game in each genre: 

Counter-Strike: Global Offensive, Dota 2, PlayerUnknown’s Battlegrounds, and Super 

Smash Bros. Melee. The reasoning behind the choices of games is their popularity in 

competitive gaming. I use a mixed-method approach to explore the different aspects of 

this multi-faceted problem. The aim is to learn how game, genre and skill level affect 

the way in which players analyze the spatial aspects of their gameplay, and the game 

itself. 

The research problem in my study is spatial analytics in competitive gaming and 

e-sports. When making my bachelors thesis and writing a paper based on it about spatial 

analytics in game development, it was noted that players use spatial analytics to 

optimize their gameplay (Ijäs & Muukkonen, 2018). However, at the time the tools that 

were used for analyzing spatial aspects of gameplay seemed rudimentary and not user 

friendly. Additionally, the use of spatial analytics, and analytics in general, has not been 
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widely reported. Most of the spatial analytical literature regarding competitive gaming 

was about moba games. Therefore, the motivation for this study was found. 

This study has two main objectives. First, to identify the ways in which spatial 

analytics and locational information are used to benefit gameplay in competitive 

gaming. Second, to summarize information on how the use of spatial analytics is 

lacking, and what kinds of new tools would be beneficial. 

 

 

 

 

 

 

 

 

 

 

 

 

 

The research design of my study can be seen in Figure 1. Spatial analytics is 

connected to the game through data acquisition and theme, to players who conduct 

analysis and create data, and to competing through players who use analytics to succeed 

in competing. It is a mixed method study where four games were selected to represent 

different genres. Literature review was used as a way of informing the creation of the 

survey and interview. The survey was used to acquire a cross-sectional dataset on the 

player base of each game. The survey data was analyzed with quantitative and 

qualitative techniques to acquire quantifiable metrics on the research questions. Expert 

Video games 

Competitive gaming 

Spatial analytics in competitive gaming Games 
Shooters 
- Counter –Strike: Global Offensive 
MOBA  
- Dota 2 
Battle Royale 
- PlayerUnknown’s Battlegrounds 
Fighting 
- Super Smash Bros. Melee Competing 

Survey 
Players 
- Skill levels novice - expert (N=2453) 
Interviews 
Experts (N=4) 
Literature review 

Game and genre 

Research questions 
Question 1: How does game and genre affect the use of spatial analysis? 
Question 2: How do different skill level players utilize spatial analysis? 
Question 3: What kind of new spatial analytics tools would be beneficial in gaming? 

Analytics, 
Spatial analytics 

Players 

Figure 1. Research design of my study. Spatial analytics is connected to the game through data acquisition and theme, players who 

conduct analysis and create data and competing through players who use analytics to succeed in competing. It is a mixed method 

study where four games were selected to represent genres. 
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interviews were conducted in order to fill the gaps of the survey, and to further affirm 

the results of the literature review and the survey. 

I have defined three research questions that are used to shed light on the research 

problem. The research questions are as follows:  

Question 1: How does game and genre affect the use of spatial analysis? 

The use of spatial analytical techniques and tools in competitive gaming has not been 

well documented in scientific literature. For that reason, four games of popular 

competitive gaming genres were selected. The primary goal of my study was to perform 

statistical analysis on a cross-sectional dataset of each target games player bases and 

compare the results to each other. The literature review acts as a support to the survey, 

as well as a backbone to the expert interviews. The hypothesis with this question is that 

spatial analytics can be useful in competitive gaming regardless of genre. The null 

hypothesis with this research question was that the use spatial analytics is highly 

dependent on the game and genre. 

Question 2: How do different skill level players utilize spatial analysis? 

The question about the use of spatial analytics at each skill level is integrated in all three 

of my research methods, but it is the most integral in the survey study. The survey data 

was analyzed with regard to the skill level of the players to find the effect of skill level 

on the answers. It was also taken into consideration in the interview study, as all the 

interviewed subjects were expert players, and mainly provided insight on the use of 

spatial analysis at the professional level of gameplay. The question is another side of 

research question one, as it is used to illuminate the differences and similarities between 

each game. The hypothesis with research question 2 is that low-level players do not use 

spatial analytics to the same extent as high-level players. 

Question 3: What kind of new spatial analytics tools would be beneficial in gaming? 

There have been no studies whose objective was to create a comprehensive catalog of 

tools that can be used for spatial analytics in gaming. Additionally, no study has been 

made that summarizes the needs that competitive gamers have regarding spatial 

analytics. Therefore, the third objective of my study is to summarize what kind of tools 

are already available, and what kinds of features would players of CS:GO, Dota 2, 
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PUBG and Melee like to have regarding spatial analysis. The answers to the research 

questions are gathered from the survey and interview studies. No hypothesis was set for 

research question 3, as it is descriptive and exploratory by its nature. 

To measure these research questions, a mix of qualitative and quantitative methods 

was chosen. The methods supplement and complement each other. While the research 

questions and problem are indeed tightly defined, this study is descriptive and 

exploratory by its nature. Therefore, additional topics tangent to the research problem 

and questions are also reported in the results.  
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2 Background 

2.1 E-sports 

Professional and amateur competitive video gaming is commongly referred to as e-

sports. It is usually coordinated by leagues and tournaments, and the players might 

belong to teams that are sponsored by various business organizations. (Hamari & 

Sjöblom, 2017, p. 1). There are various games that are played competitively, with each 

having their set of rules. Even though games vary with their content and playstyle, they 

can be categorized into genres. Pro players often concentrate on a single game in which 

they compete, but e-sports events are commonly organized around games of a specific 

genre. 

The definition of e-sports has been under debate for a long time. Some people 

refuse to recognize e-sports as a sport, because of lack of physical activity. However, it 

is undeniable that playing and practicing competitive games on a professional level can 

be physically taxing. For example, Zwift is an online cycling training platform that uses 

an electric bicycle as the controller (Zwift, 2021). The player must be in great physical 

condition to achieve good results in the game. A research published in The BMJ which 

studied 65 collegiate eSport players found out that many of the players suffered from 

physical fatigue and pain in hands, wrists, back and neck (Difrancisco-Donoghue, 

Balentine, Schmidt, & Zwibel, 2019). Hamari and Sjöblom (2017, p. 3) define e-sports 

as a competitive activity, in which the players exist in the physical world but the 

outcome-defining processes occur in a virtual environment. This means that players are 

always tied to an electronic system and a computer interface. 

The popularity of e-sports has risen with the technological advancements in 

online streaming services and popularity of video games, as shown by the e-sports 

research company Newzoo (Newzoo, 2020). The audience numbers have reached 500 

million unique viewers. 

Some e-sports games are played individually, and some are team-based. Players 

start off by practicing the game during their free time, gradually becoming better, and 

achieving better tournament results. At some point, players may get signed to e-sports 

teams whose role is to aid the athletes financially and help optimizing gameplay.  
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E-sports teams may focus on a single game or have groups of pro players in 

multiple games. Some of the biggest e-sports teams in the world include Team Liquid, 

Cloud9, Team SoloMid and Riot Games. The organizations help players hone their 

gaming skills with optimized training routines and professional insight. E-sports teams 

can have coaches, analysts, managers, human resources and marketing people, 

physicians, and even personal trainers. They also help players gain more following in 

social media, creating more hype for the e-sports.  

It is commonplace to gain financial aid from sponsoring companies in return to 

having the company logos in team jerseys and advertisements embedded in online live 

streams. E-sports matches are played at designated e-sports events. The matches are 

then streamed on online live streaming websites, which is the part that is the most 

familiar to e-sports fans (Besombes, 2019b).  

2.2 Players 

The classification between an e-sports player and an amateur player is difficult to make, 

as the phenomenon of video gaming and competitive gaming is very freeform. 

According to the Entertainment Software Association, up to 75% of Americans play 

video games (The ESA, 2021). According to Newzoo, there were 2.7 billion gamers in 

the world in 2020 (Wijman, 2020). Each game that is included in my study have active 

player estimates in their corresponding chapters. According to a study by the PEW 

Research center, younger Americans and men are among the most likely to play video 

games (A. Brown, 2017). 

It is hard to estimate the number of active professional e-sports players in the 

world. According to e-sportsearning.com, there are 88380 players who have earned 

money from e-sports tournaments (GGBeyond, 2021c). However, some of these players 

have already retired. Additionally, there are many more players, who play a video 

games competitively and attend tournaments, but have not earned money from them. 

Players who have earned money from tournaments make up only the tip of the iceberg.  

According to esportsearnings.com, there are 94 players in April 2021 who have 

earned over a million dollars from e-sports tournaments (GGBeyond, 2021g). The top 

500 list of e-sports earnings ends in a player who has earned over 290 000$. The top 3 
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most successful players, “N0tail”, “JerAx” and “ana” have each earned over 6 million 

dollars. 

2.3 E-sports events 

E-sports competitions take place at e-sports events. The attributes of these events vary 

by the nature of the event. Some events may be free to enter for everyone, casual and 

professional competitive players. Some events are invite-only, with just a few selected 

top players or teams competing. The attendees may vary from four to multiple thousand 

players for a single event. Some tournaments allow for spectators to enter the event and 

watch the matches from big live screens on stage. Smaller invite-only tournaments can 

be only for invited pro players, with no live spectators allowed in the venue. This does 

not mean that the matches played at these events cannot be watched, as it is common for 

e-sports tournaments to stream their matches on online live streaming services such as 

Twitch or YouTube. Depending on the game, the games are played with computer, 

video game consoles, different types of game controllers and monitors. 

E-sports event organizers can be individual people, associations, or private 

companies. The events can have prizes for the winners- money or goods. These can be 

acquired from entry fees or donations from individual people or sponsoring companies. 

Some of the most popular e-sports games such as Dota 2, Counter-Strike: Global 

Offensive, PlayerUnknown’s Battlegrounds and League of Legends have continental or 

global leagues or series which consist of many games throughout the period of the 

league, and result in rankings for players or teams. Events are generally ranked into 

local, minor, major, and supermajor events depending on the global ranking of attending 

players, number of players and other factors. Supermajor tournaments are the most 

prestigious in e-sports events, with many top-level players attending, big prize pools 

and most viewers. According to esportsearnings.com as of April 2021, 126 tournaments 

have had prize pools of 1 million dollars or over, and eight tournaments have exceeded 

10 million dollar pots. The top 10 largest tournaments by prize pool can be seen in 

Table 1 (GGBeyond, 2021d). 
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Table 1. Top 10 largest overall prize pools in e-sports tournaments as of April 2021 (GGBeyond, 2021d). 

 
 

# Tournament title Prize pool Game 
No. Of 
teams 

No. of players  

1. 
The International 

2019 
$34,330,069 Dota 2 18 Teams 90 Players  

2. 
The International 

2018 
$25,532,177 Dota 2 18 Teams 90 Players  

3. 
The International 

2017 
$24,687,919 Dota 2 18 Teams 90 Players  

4. 
The International 

2016 
$20,770,460 Dota 2 16 Teams 80 Players  

5. 
The International 

2015 
$18,429,613 Dota 2 16 Teams 80 Players  

6. 
Fortnite World Cup 
Finals 2019 - Solo 

$15,287,500 Fortnite   100 Players  

7. 
Fortnite World Cup 
Finals 2019 - Duo 

$15,100,000 Fortnite 50 Teams 100 Players  

8. 
The International 

2014 
$10,931,103 Dota 2 14 Teams 70 Players  

9. 
PGI.S 2021 Main 

Event 
$7,068,071 

PLAYERUNKNOWN’S 
BATTLEGROUNDS 

32 Teams 136 Players  

10. 
LoL 2018 World 
Championship 

$6,450,000 League of Legends 24 Teams 131 Players  

 

With the rising popularity of e-sports, also the prize pools of tournaments have 

skyrocketed. Each consecutive year, new records of gross yearly e-sports event prize 

pools have escalated in an exponential fashion (Besombes, 2019a). After 2014, 

Besombes suggests e-sports is now in the era of accelerating trend with massive 

investments coming from various companies. It seems it will still take time until the 

economy of e-sports saturates or reaches equilibrium. 

2.4 Game genres 

The taxonomy and ludology of video game genres is an active field of research. Making 

objective classification of video game genres has proven difficult, because video games 

can be perceived both as an inactive and interactive form of media (Apperley, 2006; 

Cășvean, 2015). For example, The Sims could be classified as a “drama”, “lifestyle” or 

even “reality” by looking at from an inactive perspective. However, it is classified as 

“simulation” and “sandbox” from based on its interactive properties and game 
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objectives. Many modern game genres are originated from movie and book genres, 

which existed before the invention of video games. 

iDTech classifies games to action, action-adventure, adventure, role-playing, 

simulation, strategy, sports, puzzle, and idle games (Matthews, 2018). These genres all 

have subgenres and can have prefixes attached based on the type of gameplay. For 

example, shooting games can be classified as first-person or third-person shooters 

depending on the camera angle. Many video games are played as e-sports, and some 

genres are more popularly played than others. According to Newzoo, the most popular 

genres in e-sports viewership are arena (58%), shooting (27%), strategy (10%) and 

fighting games (4%), and 21.3% of all content watched on the streaming website Twitch 

was e-sports content (Newzoo, 2016). 

In my study, I use a modified version of this list. Late trends in video game 

popularity have shown the rise of a new genre: battle royale, which has surpassed 

strategy games in popularity (Borisov, 2021; Mendoza, 2019). With arena games and 

battle royale games containing aspects of strategy games, and fighters being vastly 

different from all these other genres, I have chosen to focus on arena, shooter, battle 

royale and fighting games.  

Multiplayer online battle arena games (or MOBA) are multiplayer team-based 

video games, where two teams gather resources and strengthens their characters during 

the course of the match. The ultimate objective is to attack the base of the opposing 

team to destroy the main structures. The matches are like a high-speed role-playing 

game with the objective of a real-time strategy game, containing aspects of action 

games. Examples of this genre are Defense of the Ancients (DotA), League of Legends, 

Heroes of Newerth and Smite. In this study I will focus on DotA 2. 

Shooter games are action games defined by their nature of gun-based combat. 

Shooters have many subgenres such as shoot ‘em ups, first-person shooters and third-

person shooters. Shooters can be either single or multiplayer and played against 

computer-controlled characters and targets, or other players. In this study I focus on 

first-person shooters specifically due to their providence in e-sports. They are shooting 

games characterized by their camera position and perspective: the player experiences 

the game through the eyes of the controlled character. Examples of first-person shooting 
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games are Counter-Strike, Halo, Doom and Overwatch. In this study, I will focus on 

Counter-Strike: Global Offensive. 

Battle royale games are multiplayer games which are based on the survival of 

the player character in a last-man-standing setting. They usually have dozens of players 

that start with the same initial situation of having no equipment or weapons. These can 

be gathered on the map to ensure better protection as well as offensive tools for combat. 

Battle royale games usually feature a danger area in the outskirts of the play area and 

entering it will cause the player character to die. As the match progresses, the danger 

area starts to shrink and players are forced to move, eventually with the last survivors 

ending up next to each other for a final battle to determine the winner. Battle royale 

games can be played in all-versus-all or team modes, and the style of combat can have 

elements from shooters, fighters, role-playing or survival games. Examples of battle 

royale games are PlayerUnknown’s Battlegrounds, Fortnite Battle Royale and Apex 

Legends. In my study, I will focus on PlayerUnknown’s Battlegrounds. 

Fighter games are action games that focus on close combat in a confined space, 

not unlike to boxing. The characters fight each other until the opponent is defeated or 

the time runs out. Fighters are often based on a rock-paper-scissor type of mechanic. 

Players can attack, block, or grab the opponent. Attacking beats grabbing, blocking 

beats attacking and grabbing beats blocking. This forces players to react to the opposing 

players actions with their reflexes, as well as remembering and guessing the opponents 

intentions based on their previous actions. Attacks and grabs can lead to other attacks, 

resulting in strings of combos and potentially a finishing attack. Fighter games have 

subgenres such as 2D, 3D, platform and anime fighting games. Examples of fighting 

games are Super Smash Bros., Tekken, Street Fighter and Dragon Ball FighterZ. In my 

study, I focus on Super Smash Bros. Melee. 

2.5 Spatial analytics in e-sports 

2.5.1 Overview of spatial analytics in e-sports 

E-sports analytics uses methods from many different fields of science. Statistical 

methods can be used for telemetry data gathered from video games. However, 

traditional statistical methods cannot be used for spatial data. Instead, spatial analysis 

methods must be used (Canossa, Drachen, & Sørensen, 2011, p. 1). Coincidentally, 
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spatial analysis requires spatial data, where objects have location information 

integrated. Data extracted from a virtual environment can be used for spatial analysis in 

the same manner as real-world data. Majority of events happening in a video game are 

tied to a location, and have spatial coordinates integrated via the game engine. Since 

game objects have coordinates as an attribute, the locations of every event and action 

can be recorded and spatial analysis becomes possible (Drachen & Schubert, 2013b). 

Spatial analysis techniques include but are not limited to spatial data-analysis, 

autocorrelation, distribution analysis, interpolation, regression, interaction, simulation, 

and modeling (Fotheringham, Brunsdon, & Charlton, 2011; Fotheringham & Rogerson, 

2009). There are specialized geoinformatics software such as ArcGIS and QGIS, which 

are commonly used for running spatial analysis, but they have not been in use in the 

context of e-sports. GeoPandas is a spatial analytics library for Pandas, a statistical 

analysis tool built on top of Python (GeoPandas, 2021). Similar spatial analytical 

libraries are also available for other programming languages. Spatial interpolation and 

aggregation are techniques that have been used in e-sports spatial analysis. A common 

visualization technique for them is the heatmap. However, tools for more sophisticated 

or advanced techniques have been scarce in the field of game analytics (Drachen & 

Schubert, 2013b). 

There exists a certain group of often used methods in the spatial analysis of 

video games and gameplay. Data about the game and players is acquired through 

various data gathering methods. The accumulated data is then processed with statistical 

and computational methods. Finally, the data is visualized to make it comprehensible 

and easy to interpret and draw conclusions from (Kennerly, 2003). 

2.5.2 Game data gathering methods 

Telemetry data is data gathered from inside the video game. It is commonplace for 

video game companies to gather data from their own game for development purposes. 

They can hold game testing sessions, where they invite players to play their game and 

gather data from these sessions. Online game developers also often gather telemetry 

data about game frame rates and and monetization. However, this data is usually 

considered a business secret and is not made publicly available.  
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Some games have systems or interfaces for getting telemetry data. A game 

developer may add a functionality in the games source code to enable saving data to a 

database using SQL(Drachen, Thurau, Togelius, Yannakakis, & Bauckhage, 2013, p. 

215). Depending on the game and the goal of the analysis, data gathering frequency can 

vary between a fraction of a second to many hours. Data can be gathered from a long 

period of time also. For example, Valve Corporation gathered and analyzed player death 

locations in the game “Half Life 2: Episode Two” from 12 months and visualized them 

on a map (Juul, 2007). Recently, with the API provided by game developers, players 

have been able to do their own data science projects with gameplay data. For example, 

Zhu (2019) in his PUBG DATA Comprehensive Analysis notebook on Kaggle.com 

analyzes the final positions of circles in PUBG using a heatmap. 

There are several methods for gathering data that third party users can use. 

Medler divides data gathering into different categories: API, hacking, manual 

generation, and soft data (Medler, 2012, pp. 255–257). An API is available for example 

in World of Warcraft and PUBG (Deng, 2018). Hacking means extracting telemetry 

data from game save files or replay files. Manual generation means informational 

websites, forums or wiki-sites created by players, for example Dotabuff for Dota 2 

(DOTABUFF, 2020). Players update the websites when they gain information about the 

games by playing. Soft data means fan sites, where players can upload screenshots and 

their subjective experiences about the game. There are also some newer methods for 

data gathering that were not mentioned by Medler. For example, computer vision is a 

fairly new implementation of artificial intelligence, where a computer is trained to 

interpret features from pictures and video and turn it into data. This has been used to 

track game data from replay videos or in real time with screen capture. For example, 

Overtrack for Overwatch, Apex Legends and Valorant tracks game data this way 

(Overtrack, 2021). PandaScore Odds is an automatic betting analytics tool using 

computer vision also for various games (PandaScore, 2021) External softwares have 

also been introduced to track button presses, which can then be used to calculate game 

events with a simulator and turn them into data sheets. 

2.5.3 Data processing 

Data processing means filtering, editing, and running algorithms to gathered data. It can 

be done to enhance the quality of the data, removing void fields, and combining 
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different datasets to make it easier to use. After this, spatial analytics can be done to the 

data. When spatial analysis is done in the gaming context, data processing is often 

rudimentary even though more advanced methods could be beneficial (Drachen & 

Schubert, 2013b, 7). Clustering, aggregation, and interpolation are some of the most 

commonly used methods. These techniques are used for example when making 

heatmaps, the most common spatial data visualization (Wallner, 2013). Creating and 

interpreting a heatmap does not require special training, so they can be easily be 

integrated as a part of data analysis toolset (Drachen & Schubert, 2013a). They can be 

presented in 2D or 3D, depending on the type of game and objective of the study. Many 

games are played in a 3-dimensional space with multiple horizontal levels on top of 

each other, for example Counter-Strike: Global Offensive and PlayerUnknown’s 

Battlegrounds. Other visualizations include vector maps for routes of game objects, 

raster maps for various game data and simple thematic maps. Replay videos can also be 

thought of as a way to visualize spatial data, as it is a spatio-temporal way of presenting 

what is happening inside the game. 
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3 Data and methods 

3.1 Four games of focus 

As mentioned in chapter 1.2, I focus on four popular e-sports game genres in my study: 

shooting, multiplayer online battle arena and fighting games. I have chosen one 

representative game in each genre: Counter-Strike: Global Offensive, Dota 2, 

PlayerUnknown’s Battlegrounds, and Super Smash Bros. Melee. Various information 

about the games is summarized in Table 2. 

Counter-Strike: Global Offensive (CS:GO) is a first-person shooting game 

(Valve, 2021a) by Valve and Hidden Path Entertainment for PC, Mac, Xbox 360, 

PlayStation 3 and Linux, published on 21 August, 2012. CS:GO is a big e-sports title, 

with 650 000 concurrent players, and over 24 million monthly active players as of 

February 2020 (Clement, 2021a). In the game, two teams of five (the Terrorists and the 

Counter-Terrorists) compete against each other, with each having a different goal 

depending on the game mode. In e-sports tournament setting, CS:GO is played as 

Competitive mode Bomb Defusal games. CS:GO has received praise as an e-sports title, 

with multiple nominations for various e-sports and game awards. It is also one of the 

few e-sports games that have been televised in multiple countries. According to 

esportsearnings.com, the biggest CS:GO tournaments have had a prize pool of 1,5 

million dollars. In 2019, there were 3890 records of CS:GO e-sports players 

(GGBeyond, 2021i). There has been 5534 CS:GO e-sports tournaments so far, with a 

combined prize pool of $112.1 million (GGBeyond, 2021a). 

Dota 2 is a free multiplayer online battle arena video game by Valve for PC, 

Mac and Linux, released on July 9th, 2013. On July 2020, Dota 2 had 451,109.9 average 

players in the last 30 days (SteamCharts, 2020). In February 2021, it had 7.6 million 

monthly active players (Clement, 2021b). In 2019, the prize pot for the worlds biggest 

e-sports tournament The International was an e-sports-record-breaking 34 million 

dollars (GGBeyond, 2021d). In e-sports, similar to CS:GO it is played with five player 

teams. Games take place on an arena with the objective of leveling up own character in 

a role-playing game manner, and finally destroying the base structures of the opposing 

team. According to esportsearnings.com, Dota 2 had 1335 active e-sports players in 
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2019 (GGBeyond, 2021j). There are 1496 e-sports tournaments registered for Dota 2 

with a $231.9 million combined prize pool (GGBeyond, 2021b). 

 

Table 2. Background information about the four games of focus in this study 

 
 

Game 
Counter-Strike: 

Global Offensive 
Dota 2 

PlayerUnknown's Bat-
tlegrounds 

Super Smash Bros. 
Melee 

 

Abbreviation CS:GO Dota 2 PUBG Melee, SSBM  

Genre 
First-person shoot-

ing (FPS) 

Multiplayer online 
battle arena 

(MOBA) 

Battle royale (BR), shoot-
ing 

Platform fighting  

System 
Windows, macOS, 
Linux, PlayStation 

3, Xbox 360 

Windows, Linux,  
OS X 

Microsoft Windows, An-
droid, iOS, Xbox One, 
PlayStation 4, Stadia 

GameCube  

Developer 
Valve, Hidden Path 

Entertainment  
Valve PUBG Corporation HAL Laboratory  

Playstyle Team-based Team-based Team-based, 1 vs. all 1 vs. 1, 2 vs. 2  

Year of release 2012 2013 2017 2001  

E-sports money $112.1 million $231.9 million $32.9 million $3.2 million  

Players 650 000 450 000 197 000 N/A  

E-sports players 3 890 1 335 1 429 385  

No. of tourna-
ments 

5 534 1 496 327 2 615  

Other 

24 million monthly 
active players. 

Tournaments tele-
vised in multiple 

countries. 

7.6 million monthly 
active players. Big-
gest e-sports prize 

pools. 

First battle royale game. 
60 million copies sold for 
PC and console. 600 mil-
lion downloads for mo-

bile. 

World’s best-selling 
fighting game fran-

chise. Player 
Mew2King has the 

most tournament re-
sults of all e-sports. 

 

 

PlayerUnknown’s Battlegrounds (PUBG) is a player versus player battle royale 

shooting game by Bluehole for PC, Xbox One, PS4, Android, iOS, and Google Stadia 

released on 21st December, 2017 (PUBG Corporation, 2021). PUBG had over 197 000 

average players on Steam over the last 30 days in April 2021 (SteamCharts, 2021). The 

game has sold over 60 million units for PC and console, and has over 600 million 

downloads for PUBG Mobile (Wells, 2019). In e-sports, PUBG is played usually in a 

team-based format. Up to hundred players drop on the playing field in teams of four and 
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fight each other until only one team is left. A slowly shrinking circle confines players 

inside it, with players left outside taking damage, and coincidentally increasing the 

chance of team encounters. This is a genre-defining feature of battle-royale games, and 

PUBG was one of the first games to make it this feature the focus of the game. In 2019, 

PlayerUnknown’s Battlegrounds had 1429 records of e-sports players (GGBeyond, 

2021i). There have been 327 PUBG tournaments with a combined prize pool of $32.9 

million (GGBeyond, 2021f). 

Super Smash Bros. Melee is a 2.5D platform fighting game for the Nintendo 

Gamecube by HAL Laboratory released on October 21, 2002 (SSBWiki.com, 2021). It 

is the second installment in the Super Smash Bros. franchise, which now has five games 

released. It is difficult to estimate the number of players as it is an older console game 

and live statistics are not available online unlike for the other games of focus. However, 

it was the best-selling Nintendo GameCube game, with 7,4 million copies sold 

worldwide (Khan, 2020). It has been estimated that at one point in time 70% of all 

GameCube owners also owned Melee (SSBWiki.com, 2021). Super Smash Bros. game 

series is the best-selling fighting game franchise of all time, and the newest installment 

in the series, Super Smash Bros. Ultimate, is the world’s best-selling fighting game 

(Bankhurst, 2019). In e-sports, it is played one versus one or two versus two setting. 

The goal is to damage the opponent with moves and send them off the playing platform 

four times to win the game. Game characters and levels are rendered in 3D, but players 

can only move in two dimensions. Melee is argued to be one of the most technically 

challenging games to exist, while maintaining a high ceiling for self-expression and 

style in the game (Ford, 2017). Super Smash Bros. Melee has been played competitively 

since its release in 2002 and was included in the Evolution Championship Series (Evo) 

in 2007 and 2013 through 2018 (Wikipedia, 2021). Evo 2016 is the largest Melee 

tournament to date with 2350 entrants (Liquipedia, 2021). In 2019, Melee had 385 

records of e-sports players who have received tournament prizes (GGBeyond, 2021k). 

According to esportsearnings.com, Melee has had the most tournaments among any 

fighting game, with over 2600 tournaments, with a combined prize pool of $3.2 million 

(ggbeyond, 2021). Among the top 15 players with most tournament results in all of e-

sports, four are Melee players. The person with the most results is Jason “Mew2King” 

Zimmerman with 608 results, 166 more than the second Starcraft II player Aleksandr 

“Bly” Svusuyk (GGBeyond, 2021h). 
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3.2 Research methods 

3.2.1 Data gathering and schedule of the study 

The data for my research consists of a literature review related to the research topic, a 

survey data analysis and a series of expert interviews. The aim of the literature review is 

to assess the current state of information about the subject, as well as deepen my own 

knowledge about the topic before conducting data analysis and interviews. The people 

who are subject to the survey are players of various skill level in their corresponding 

game of expertise. The questionnaire questions regard general themes related to spatial 

analytics in gaming context, not related to each subjects’ game of expertise. The 

purpose of the questionnaire is to acquire knowledge about the current quality and 

frequency of spatial analysis used in gaming. In this study the literature review, 

statistical data analysis and interview study complement one another. Finally, I analyzed 

the information that was gained through the survey, interviews, and literature review 

and compared their similarities and differences. The workflow of my study is described 

in Figure 2.  

3.2.2 Philosophical context 

Hirsijärvi, Remes, and Sajavaara (1997, p. 130) classify empirical research based on its 

philosophical context, nature, and purpose. With this research, my aim is to gather 

information ontologically about the existing e-sports spatial analytics tools, their 

attributes, and conceptions about them. From an epistemological viewpoint, I have 

decided to use literature review, questionnaire data analysis and expert interviews as an 

effective and research-based method of data gathering. The purpose of my study is to 

describe and document the central features of the subject, such as availability, usage, 

and knowledge of spatial analytics tools in the field of e-sports and gaming. 

My study is an applied study by its nature where the strategy is a mixed-method 

case study. I gathered intensive and specific information about the subject from a small 

group of comparable research subjects (Hirsijärvi et al., 1997, pp. 133–134). 
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Figure 2. Workflow of research methods used in the study. Three main methods were used: Literature 

review, survey study and interview study. 
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3.3 Literature review 

I made the literature review with inductive content analysis (Tuomi & Sarajärvi, 2009, 

p. 91). I searched for repeating themes from variable sources and made summaries and 

conclusions from them, which describe the current state of usage, and different methods 

of spatial analytics used in the field of e-sports, and e-sports research. My aim was to 

summarize information from multiple sources and enhance their informational value by 

creating abstracted bodies of text from the results of multiple articles. This also 

supported my goal of better understanding the present state of spatial analytics in e-

sports. The intention with qualitative analysis is to gain understanding, and it is an 

commonly used method (Hirsijärvi et al., 1997, p. 224). 

My study is exploratory and descriptive by its nature. The four-phase process of 

conducting a literature review as proposed by Snyder (2019) was used for literature 

review. The aim of exploration was to distinguish the literature and sources clearly that 

are related to spatial analytics in gaming and my study in specific. Because the literature 

review is used to inform the study itself, it worked as a backbone for the creation of the 

questionnaire. The search terms for literature review were combinations of the words 

“spatial”, “location”, “heatmap”, “movement”, “map”, “analysis”, “gaming”, “e-sports”, 

“competitive”, “fps”, “fighting”, “moba”, “battle royale”, “games”, and the names of 

the four games in the study. Googles text, picture and video search was used for 

searching. Specific information on each game was needed for understanding the 

terminology and subject of each article. Therefore, some time was allocated just for 

reviewing the contents of each game as well as the metagame at the highest level of 

gameplay. 

The topic of spatial analysis in gaming is not very well researched, so articles 

were selected with loose criteria. Research articles and news were primary focus, but 

also casual studies done by individual analysis-oriented players were accepted. Blog 

posts and forum posts were accepted if their content was tightly related to spatial 

analytics in gaming. Also, individual tools and websites for making spatial analysis 

were included in the literature review as they often do not come accompanied by 

research articles. Finally, evaluation of analytical tools in each game itself was 

evaluated. After gathering the links to articles chosen for the literature review, the 
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contents were analyzed by reading and abstracting them to their key points. Information 

that was extracted was the type of analysis conducted in the article, as well as the tools 

used and the results. The results of the summaries were then written into a report 

format. With respect to the population of each games player base, the amount of 

research articles, analysis tools, analytical blog posts, and videos were evaluated into a 

data table in Excel. Additionally, the ease of data acquisition method, and the existence 

of replay functionality and in-game analytics tools were evaluated and reported in the 

same table. 

The literature review was needed to assess the current state of tools and usage of 

spatial analysis in each game. Based on the results of literature review, it was easier to 

create the questions for the survey and interviews. Knowledge gained from the articles 

acted as a catalyst for the freeform interviews with experts. It also acted as a way of 

informing the interpretation of statistical analysis of questionnaire and the content 

analysis of interviews. 

3.4 Questionnaire 

3.4.1 Creating the questionnaire 

The questionnaire study is the quantitative part of my empirical study. Data gathering 

was done with Google Forms. I initially created the questions based on literature review 

and bachelor’s thesis knowledge. The questions were made in November and 

September 2020. I made an excel with information about which research question each 

question measures. I also applied a question typing based on the management library. 

They have six types: Behaviors, Opinions/values, Feelings, Sensory, Background/ 

demographics (McNamara, n.d.). My study is behavioral analysis, and aims to measure 

behavior, opinions, and knowledge, so the typing rectifies my goal. The questionnaire 

has a brief introduction text that explains the concept of spatial analysis to unfamiliar 

responders. After that, the respondent must choose which of the four games of this 

research their answers in the questionnaire will regard. There are also some background 

questions about the respondent’s experience with the game. The questions can be 

viewed in Appendix 1. 

The options for question 3 are based on the research and information available 

on game playing times of hobby gamers and e-sports athletes. Nagorsky and Wiemeyer 
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(2020) studied the structure of performance and training in e-sports and concluded that 

players spend an average of 20.03 hours a week playing, but only 38.85% (7.78 h/wk) 

of the playing time is used for training. They also summarize that other studies on the 

topic have found a training time of approximately 37 hours a week. These findings are 

also supported by the blog posts of the e-sports teams TSM and Liquid reported by E-

sportsEdition (J. Jacobs, 2016), and ProGamerHub (Mike, 2014), as well as the self-

reported training schedule of Dota 2 player Mushi (infinityyyyy, 2014). They all report 

30—50 hours of play and practice time per week for top level e-sports athletes. 

 

Table 3. What interests in a game: a table from the results of a brief literature review of e-sports in gen-

eral, as well as each of the four subject games in my research. The values are percentages of occurrences 

in each game.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Question 5 is about skill level evaluation, with explanations on the options 

novice, competent and expert. The explanations are based on my own experience of 

gaming skill levels. There are skill level measuring systems for each game individually, 

Variable CS:GO Dota 2 PUBG Melee  

Competing 0.00% 4.55% 8.33% 11.11%  

Entertainment 0.00% 0.00% 8.33% 0.00%  

Single player modes 0.00% 4.55% 0.00% 0.00%  

Game world/ graphics 3.23% 0.00% 16.67% 0.00%  

Training your skills 3.23% 4.55% 0.00% 11.11%  

Game genre 3.23% 9.09% 16.67% 0.00%  

Achievements 0.00% 0.00% 0.00% 0.00%  

Social aspects 0.00% 13.64% 8.33% 0.00%  

Multiplayer 6.45% 9.09% 0.00% 0.00%  

Other: 0.00% 0.00% 0.00% 0.00%  

Accessibility 9.68% 18.18% 0.00% 0.00%  

Technicality 9.68% 0.00% 8.33% 11.11%  

High skill ceiling 19.35% 13.64% 8.33% 33.33%  

Personalities 0.00% 4.55% 0.00% 0.00%  

Popularity 6.45% 0.00% 0.00% 0.00%  

Community 9.68% 0.00% 0.00% 11.11%  

Prizes 0.00% 0.00% 0.00% 0.00%  

Competitive balance 0.00% 4.55% 0.00% 0.00%  

Freedom of skill 3.23% 0.00% 0.00% 11.11%  

Matchmaking 12.90% 0.00% 0.00% 0.00%  

Active developer 6.45% 13.64% 0.00% 0.00%  

New game 3.23% 0.00% 0.00% 0.00%  

Thrilling 3.23% 0.00% 25.00% 11.11%  
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Figure 3. Colored mind-map of the themes that arose with the literature review for “what interests peo-

ple in games?” The colors and place indicate similarity within themes. 

but not as a whole for gaming. I combined my understanding of all the four games for 

the explanations. 

I compiled the choices for the questions 6 and 7 from multiple sources. As for 

question 6, I first came up with some ideas based on literature review and expanded the 

options with questionnaire tests. However, I understood my knowledge of what attracts 

people in e-sports games specifically, as opposed to all games, was not deep enough. I 

searched for articles on the popularity of e-sports in general, as well as discussions 

about each of the four games separately. The specific articles used for this can be 

viewed in Appendix 2. I counted the occurrences of each theme in an Excel sheet until I 

felt no more new themes were occurring, and then counted the game-wise percentages 

of each theme (Table 3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

I then made a mind-map-like visualization of the themes with awwap.com, an 

online whiteboard. I arranged the answers so that similar themes are closer to each other 

and enhanced it with color-coding them. This gave me a visual view of which themes 



 

24 

 

are similar and I could try to draw lines between separate themes (Figure 3). Many of 

the themes were like each other, smaller parts of a common supercategory, so I 

combined them into broader terms. For example, I combined “training your skills”, 

“technicality”, and “high skill ceiling” into “high skill ceiling”, and “social aspects”, 

“personalities”, and “community” into “social aspects or community”. I compared all 

the themes with my initial options for the question 6 and revised the options. Some 

initial options were also dropped, such as “prizes” and “training skills”. The brief 

literature review and test answers to sheet gave me the realization that they are parts of 

broader concepts, and there should not be too many options. The final options can be 

seen in Appendix 1 with the rest of the finished questionnaire. 

 

Table 4. Characteristics of frequent video game players as suggested by Triplett (2008) 

 

Question 7 was “What skills are needed for succeeding in the game?” The 

options were derived from multiple sources. Triplett (2008, p. 64) lists skills learned 

through video games in a study about the comparison of skills and abilities for 

Finding sources of in-
formation outside 
game (i.e. online) 

Gathering Intelli-
gence from 

within the game 

Memory such as 
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unmanned aircraft pilots, and his results can be seen in Table 4. These worked as a basis 

for creating the summarized list of important skills. Additionally, I searched for skills 

that are needed in each game from different fan forums and e-sports sites of the games. 

For example, multiple Reddit posts from corresponding game subreddits where different 

players answered with their opinions on important skills. The specific non-scientific 

articles used for making the options can be seen in Appendix 3. 

 

Table 5. Skills needed for succeeding in a game, results of a brief literature review. The numbers are per-

centages of all skill occurrences in articles of each game. 

  Dota 2 CS:GO PUBG Melee 

Teamwork 4.08% 14.29% 6.25% 0.00% 

Communication 8.16% 9.52% 0.00% 0.00% 

Map awareness 26.53% 9.52% 18.75% 3.57% 

Positioning 12.24% 0.00% 12.50% 25.00% 

Character pick 6.12% 0.00% 0.00% 0.00% 

Mechanical/technical skill 4.08% 14.29% 25.00% 17.86% 

Game knowledge 14.29% 9.52% 18.75% 7.14% 

Strategy 4.08% 4.76% 6.25% 3.57% 

Mood/stress management 12.24% 14.29% 0.00% 0.00% 

Decision making 8.16% 0.00% 0.00% 3.57% 

Advanced mechanics 0.00% 4.76% 6.25% 17.86% 

Game sense 0.00% 14.29% 6.25% 17.86% 

Reaction time 0.00% 4.76% 0.00% 3.57% 

 

I summarized the information from these articles and forum posts and counted 

the occurrences of each skill in each game (Table 5). Then, I visualized the data in 

Excel with bar charts to get a visual view of each skill, and compared the skills with my 

initial answer choices. There was overlap, but also some new ones, for example “game 

sense”, “decision making”, “map awareness” and “mechanical skill”. I combined some 

similar skills such as “game sense” and “decision making”, and “communication” and 

“teamwork”. Finally, I compared each revised answer option to Triplett’s (2008) list of 

skills to check how my new options align. All characteristics defined by Triplett (2008) 

fit in my new skill categories, indicating that they are a working generalization of his 

categories. The comparison can be seen in Appendix 4. The final options are reaction 

time, knowledge of advanced mechanics, game sense, mood management, strategy, 

game knowledge, technical skill, positioning, spatial awareness, and teamwork.  
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For the questions 8 and 9, I created the options based on my own experience, 

literature review and my bachelor’s thesis. I purposefully added “thinking about the 

game” as an option, to emphasize the fact that analysis does not need to be highly 

sophisticated to be counted in this study. Thinking may not be the most efficient way of 

analysis, but it may be the most traditional one. It also aims to encourage novice players 

to ponder about their own analytical experience. Conversations and writing memos are 

also quite general levels of analysis, but a bit more advanced than just thinking. 

Reviewing play videos is a common practice for people training to become better at a 

game, as stated by Nagorsky and Wiemeyer (2020). Similar findings were done by 

Sjöblom, Hamari, Jylhä, Macey, and Törhönen (2019, p. 18), as they concluded that 

players gain new perspectives from game video content that they then may want to 

either test or try through their own gameplay. Business Insider also writes that it is 

common practice in the world-top e-sports team Team Liquid (H. Jacobs, 2015). 

Gathering and viewing data about gameplay is possible in some games with in-game 

tools, and for some games with external websites or applications, for example DotaBuff 

(2020) and pubg.sh (Azzolini, 2018). Finally, statistical data analysis is the most 

advanced level of analysis for the options available. 

The options for question 11 cover the techniques that are listed for questions 8 

and 9, with the option to give additional tools that might not be included in the options. 

These options are arbitrary, but the aim is that they are easy to understand. 

In question 12, I have given options for different levels of understanding of 

spatial analysis techniques. For example, thematic or overlay maps can be the result of 

spatial cluster analysis or include distance metrics. There is overlap, but I have 

eliminated the problem by allowing to choose multiple options. The aim with the 

overlap is to measure the knowledge of statistical techniques behind spatial 

visualizations. All of the methods listed have potential in game analysis. For example, 

surface or visibility analysis can be used in shooting games to measure visibility from a 

spot on a level, or in reverse the visibility of a single hiding spot. Network analysis 

could be used for analyzing movement options in an arena game for different 

characters. Buffer analysis can be used to visualize burst options in a fighter or optimize 

team positioning in a battle royale. The options in question 13 cover the tools and 
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techniques listed in questions 8, 9, 11, and 12. It also aims to measure the values of 

players for analytical tools by allowing to choose only one option. 

Questions 14 and 15 are free form text questions and aim to gain understanding 

of specific situations and experiences. Asking where analyzing spatial aspects of the 

game has been beneficial serves the purpose of this study in general: spatial analytics is 

useful, but in what ways? For the question 15, I gave examples of a visualization of 

spatial analysis for the respondents to examine. Two examples were provided for each 

game. For Counter-Strike: Global Offensive the examples were an aim heatmap by 

github user pawREP (2015) and a player movement aggregation map by Reddit user 

PascalTheAnalyst (2015). For Dota 2, the examples were an early encounter heatmap 

(Schubert, Drachen, & Mahlmann, 2016, p. 13) and pathable areas on map based on the 

Dota navigation grid (listix, 2017). PUBG examples were a heatmap of winning 

positions in the matches of PUBG season 5 e-sports series (Zhukov, 2019) and a spatio-

temporal video of the movements of 10 000 players on a game map (Bennett, 2018). 

Finally, for Super Smash Bros. Melee the examples were a spatio-temporal visualization 

of the hitboxes of a characters attacks (ikneedata, 2015) and a heatmap of character’s 

killing blows on the stage Final Destination, gathered from 300 matches (Grigoryev, 

2019). 

Question 16 was simply about whether or not players would use spatial analytics 

tools of their own data, if given the chance to do so. The question was a four-level 

likert-scale question with options ranging from “would not use” to “would use often”. I 

located the questions in the latter end of the questionnaire to avoid affecting the answers 

in earlier questions too much. These questions specifically measure the knowledge 

about spatial analytics its possibilities, as well as the opinions of players. 

3.4.2 Testing the questionnaire 

I held tests for the questionnaire two times to ensure the questionnaire is understandable 

and the multiple-choice questions have reasonable choices. The first test was conducted 

on 17.11.2020 with additional feedback. I received four replies, and all the respondents 

were personal friends of mine. I applied their feedback in the questions, clarifying 

questions and giving better examples in question 15. At the end of the test, people 

answering can choose to give their email address for interview appointment. The 

intention of this is to find random people for interviews. 
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The second round of tests was done on 18.-20.11.2020. I received seven 

responses, and every respondent was different than the ones in the first round. Four 

respondents were my personal friends and two were people I did not know. The three 

strangers came through an e-sports research server on Discord where I had asked for 

replies and feedback. I applied the feedback I received in the questionnaire once again. 

It should be noted that the responses I received in the two test rounds also gave weight 

to the decisions when making answer options to questions 6 and 7. 

3.4.3 Campaign of the questionnaire 

The questionnaire was shared on game specific forums in Reddit and Discord. The 

questionnaire was also shared on general forums unrelated to gaming to avoid skewing 

the sample towards experienced players. When gathering the data, it became apparent 

that some subgroups of players were difficult to reach. Especially novice players of 

PUBG and expert players in CS:GO and Dota 2. To get a sufficient amount of novice 

players, the questionnaire was shared more on casual PUBG Discord servers. To get 

expert players for CS:GO and Dota 2, all the active top 100 teams, their coaches, 

analysts and players listed in E-sports Earnings Counter-Strike: Global Offensive 

(GGBeyond, 2021 l) and Dota 2 (GGBeyond, 2021m) were contacted through email or 

Twitter. It’s difficult to reach players without gaming forums, and there are previous 

research which have used a similar data gathering method (players and practice 

methods, two articles). The timeframe when answers were collected was 27.11.2020 – 

15.1.2021. 

3.4.4 Data preprocessing 

The data was processed using Python 3 and various statistics libraries such as Pandas, 

Numpy and Sci-Kit Learn in a Jupyter Notebook. The source code for data processing is 

available on my GitHub: https://github.com/himotimo/Spatial-e-sports-analytics-thesis.  

This phase of the study is the funnel part joining “survey study” and 

“preprocessed data” in Figure 2. First, all answers that were by made by respondents 

under 18 years old were dropped from the data. Then, question data was coded into 

numeric values to make statistical analysis possible. Each question was handled 

separately and formed into its own new data table. Google Forms exports multiple 

choice data in such a format that each question is its own column. The answers to that 

https://github.com/himotimo/Spatial-esports-analytics-thesis


 

29 

 

question are stored depending on the type of the question. For likert-scale questions the 

values are simply the number of the chosen option or the name of the option. For open 

field questions the value is the text written in the field. For multiple choice questions 

where the user can tick multiple boxes, the data is a list of chosen options. The names of 

chosen options are listed in one string divided by a comma, and options that are not 

chosen are simply left out. Each question had its data coded into a new table. 

For multiple choice questions, I dummy coded the data. I created a new array for 

each question that had the options of that question listed and initialized a data frame 

using the names as columns. Then I iterated through each row of the question at hand 

and checked whether or not each option in the array was chosen. If it had been chosen, 

the column got a value of 1. Finally, all columns that did not have a value got a value of 

0. This procedure was repeated for each row to complete the data frame, as well as for 

each question to make data frames for all of the questions. 

Invalid answers were scrapped from the data. These included answers from 

subjects under 18 years old, and invalid form submissions. For example, there were 

answers without data in some of the required fields. This was probably due to an 

unknown error in the Google Forms. I created a troll-recognition algorithm and used it 

to identify malicious answers, which gave a troll score to each answer and considered 

the following factors. 

Factors used for troll identification: 

• Use of profanity and derogatory terms 

• Many single-choice answers in multiple-choice questions 

• Many answers with all choices chosen in multiple-choice questions 

• Contradicting statements to similar questions 

• Very short answers to open-field questions 

• Highly contradicting skill level and play time 

After running the algorithm, 23 answers were flagged. I reviewed them to verify the 

result. Finally, 20 answers were removed from the data. Then an arbitrary classification 

algorithm was created that divided the data into five groups based on the background 

questions Q2-Q5 (Appendix 1). The algorithm used respondent-evaluated skill levels 
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(Q5 answers) as a baseline for the classification. In practice, two scores were assigned 

to each reply, one defining if the level should go up and one if it should go down. After 

the evaluation, these were subtracted from each other and if the result was under or over 

a certain threshold, the class went up or down by one. The scores were decided based on 

if the answers to Q2-Q4 were significantly higher or lower than the user-evaluated skill 

level. For example, if a respondent had answered to be novice skill level but had over 5 

000 hours played and attended over 10 tournaments, their classification would be one 

higher than their evaluated skill level. On the contrary, if a user had claimed to be 

competent or professional, but only played 0-200 hours and attended 0 tournaments, 

their class would go down by one. After adjusting the parameters, 30 answers had their 

class become higher and 86 answers had class become lower. Finally, the classes were 

coincidentally named after Q5 options. 

Question data was coded into numeric values to make analysis easier with 

Python. Data for each question was handled separately and formed into its own new 

data table. Questions 7-9 and 11-13 were dummy coded so that each option became its 

own column and had value of 0 if the option was not chosen and 1 if the option was 

chosen. Questions 10 and 16 were coded to have an integer value starting from 0. The 

result of this is the “preprocessed data” box in Figure 2. 

3.4.5 Analysis 

The data was summarized in tables on three different levels: all answers, answers per 

each game, and answers per each game and skill level. Results were interpreted based 

on these tables. 

Most attention was paid to finding the differences in answers for each game, and 

each skill level within a game. This made it possible to study the differences in the use 

and knowledge of spatial analysis in different games. It also made it possible to study if 

there are correlations between answers and skill level within a game, and to compare the 

correlations between each game. 

The data consists of qualitative data, but quantitative methods are used for 

analysis. The amount of data being large, it is justified to use parametric tests. The 

quality of data was taken into consideration when choosing the right method for 

analysis. The aim of this study is to summarize and estimate the causality between 
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spatial analytics and gaming. Despite its descriptive nature, predictive models are used 

for knowledge extraction through studying significant regression coefficients and 

importance values between answers and skill level. 

Trying to find the differences for answers between games, it was not possible to 

simply study the medians of the data with the way the questions were set. For example, 

an answer to question 7 could have any amount of chosen options, so a simple median 

cannot be calculated. Instead, the way the data was dummy-coded is similar to what is 

often used in regression models and machine learning. The value of a game is nominal, 

so making a regression for this problem would not make sense. Instead, as a way of 

defining the importance of each option within a question, gradient boosting was used. 

This part is the “Boosted model” that follows “Game-wise” and “Q7-Q13, Q16” boxes 

in Figure 2. 

Boosting is a non-parametric supervised learning method for classification that 

tries to predict an outcome based on independent variables. It is an ensemble method 

that uses a number of weak learner regression trees to result in a better model. Thanks to 

their robustness, gradient boosted models are highly utilized in machine learning 

(Einziger, Goldstein, Sa’ar, & Segall, 2019). The model was implemented using the 

scikit-learn library. Scikit-learn strongly recommends to use 

HistGradientBoostingClassifier as an alternative to GradientBoostingClassifier for 

datasets with a large number of classes (Scikit-learn, n.d.). It is also claimed to be faster 

than their GradientBoostingClassifier, so the histogram-based model was selected. 

To interpret the results, permutation feature importance measure of the model 

was used. Permutation feature importance measures the increase in the prediction error 

of the model after the feature’s values are permuted. This breaks the relationship 

between the feature and the true outcome (Fisher, Rudin, & Dominici, 2019). So the 

value answers the question: how much does the prediction error increase if a single 

feature is shuffled randomly. A bigger value in permutation importance for a feature 

means that it is more important to the models prediction accuracy. Values of zero mean 

that a feature had no effect on the models accuracy. A negative value means that based 

on luck, the prediction error decreased, and the model ended up performing better. This 

means that the feature in fact has no importance to the models prediction performance. 
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The target field was set to be the value of the game and the independent 

variables were the dummy-coded values of the answer to a question. To train the model, 

the data was bootstrapped by dividing it into two parts: test and validation set with the 

ratios of 9:1. After training the model, the accuracy of the prediction was checked with 

the validation data and the hyperparameters were fine-tuned. When the model seemed to 

work with multiple different test sets, the feature importances were extracted. Due to 

decision trees being high-variance methods, the model was generated ten times and the 

average of the importance results were saved. The importances were then visualized 

using boxplots. 

To study the skill-wise effects, a mixed method was used for cross validation. 

This part goes through the segments starting from the “Skill-wise” block that antecedes 

the box “Q7-Q13, Q16” in Figure 2. Through interpreting the summarized tables of 

answers, it was suspected that multicollinearity exists in the data. After doing chi-square 

tests in SPSS 27, the results showed that multicollinearity exists. This is natural for the 

data if you think about the questions at hand. For example question 7 is about skills that 

are important for succeeding in a game. It is natural that the opinions of experts and 

novices differ on multiple of these options. Multicollinearity poses a problem for the 

interpretation of the results of a regression model. Mundfrom et al. (2018, p. 26) studied 

the effect of multicollinearity on linear models and concluded that it appears 

multicollinearity does have an effect on that prediction in at least some of the scenarios 

studied. However, according to Kutner et al. (2005, p. 283), even if all predictor 

variables are correlated among themselves does not inhibit ability to obtain a good fit. It 

also does not affect inferences about mean responses or predictions of new 

observations, provided these inferences are made within the region of observations. 

While multicollinearity may not affect predictive power of a model too much, it may 

cause instability in the standard errors and statistical significances of independent 

variables. Therefore, some independent variables may in reality have a significant 

correlation with the target variable even though it would be deemed not significant at 

the 0.05 confidence level. Multicollinearity can be dealt by dropping some predicting 

variables, but it is not considered good practice in logistic regression. For this reason, I 

decided to use cross validation for the data by making individual logistic regressions for 

each skill level, and also study the importances of individual variables in a boosted 

regression tree model. 
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First, an ordinal logistic regression was fitted on the data on SPSS. The 

dependent variable was skill level and independent variables were dummy-coded 

answers to a question. Then, the result was validated with test of parallel lines. The 

dataset features intrinsic bias in the skill level variable- it is natural that only a small 

portion of respondents are in the novice or proficient skill level. 

In the guide for using statistical regression methods in education research, 

United Kingdom’s National Centre for Research Methods advices to always do separate 

logistic regressions on the data if the proportional odds assumption is not met (ReStore, 

n.d.). In my study, the possibility of error is large, so I decided to do the separate 

logistic regressions even if the assumption is met. 

After reviewing the results of the ordinal regression model, I fit separate binary 

logistic regressions on the data using Statsmodels discrete_model.Logit in Python. The 

regressions were done at each split to calculate the cumulative odds at each split. So the 

splits for the endogenous variable were [0=(skill=1), 1=(skill =2-5)], [0=(skill=1-2)], 

[1=(skill =3-5), 0=(skill=1-3)], [1=(skill =4-5)], and [0=(skill=1-4), 1=(skill =5)]. This 

way, the model would produce results for each independent variable that explain the 

odds of it happening at each split or below. 

In the cases where levels 1 or 5 were compared to the rest of the data, problems 

occurred because the sample sizes were imbalanced. For example in the extreme case of 

CS:GO at the final split, the sample sizes for values 0 and 1 were 713 and 9, 

respectively. This caused the regressions to not converge, and to produce erroneous 

results. To tackle this problem, Synthetic Minority Oversampling Technique, or 

SMOTE for short, was used. The creators of SMOTE Ryan Hoens & Chawla (2013, p. 

47) explain it functions so that it selects a minority class instance at random and uses k 

nearest neighbors to find minority class neighbors. The synthetic samples are created 

using convex combination of the minority class and its neighbors. This ensures that 

synthetic samples cannot contain values or combinations of values not present in the 

original minority class. In the research paper of SMOTE publication the creators give 

insight on its usage based on multiple tests with receiver operating characteristic curves: 

they show a trend that as the amount of under-sampling coupled with over-sampling is 

increased, minority classification accuracy increases. This happens at the expense of 

more majority class errors (Chawla, Bowyer, Hall, & Kegelmeyer, 2002). They 
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conclude that the combination of SMOTE and under-sampling performs better than 

plain under-sampling. I followed the instructions and used SMOTE in tandem with 

under-sampling. The ratio of sampling was adjusted depending on the sample sizes. The 

procedure was implemented using the imblearn library for Python, and their functions 

for SMOTE, RandomUnderSampler and Pipeline. 

After balancing the dataset, a binary logistic regression model was created and 

fitted. The statistically significant coefficient values from the regression results were 

saved into a list corresponding to the game and skill split at hand. Note that because of 

the intrinsic problems with data collinearity as well as possible error introduced by 

SMOTE, it was decided that the significance level for accepting results was relieved to 

0.1. Kim & Choi (2019) advise that a regression with negligible effect size should be 

dismissed even if it is statistically significant at a conventional level, while a regression 

with a large effect size should be taken seriously even if it is statistically insignificant. 

The decision was justified also by regarding the humanistic nature of this behavioral 

study, and the p-value norm of social research being 0.1. In addition, the objective of 

fitting individual binary logistic regressions was to validate the results of ordinal 

logistic regression, and therefore it is important to gain knowledge of results whose 

significance slightly exceeds the 0.05 used in ordinal regression. 

Logistic regression is a high-bias algorithm. Use of over-undersampling mutes 

the effect, but an additional measure of caution was used. The logistic regression was 

repeated 10 times for each split, and the average of the results was calculated in the 

saved list. 

As mentioned earlier, a cross-validation technique for studying the effects of 

answers on skill level was utilized: the histogram-based gradient boosting regressor. It 

is the same technique that was used for studying the game-wise differences. The model 

was again trained 10 times and average results of feature importances were saved and 

visualized with a box plot. 

To combine these methods, the results of binary logistic regressions were 

visualized with a scatter plot, with the size of each dot being weighted with the feature 

importances. Additionally, the precise values were plotted on a table plot with the color 

of the cell being red if the coefficient was negative and green if positive. The brightness 

of the color was weighted using the feature importances. These visualizations are the 
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basis for analysis on whether or not the ordinal logistic regression results are reliable or 

not. 

3.4.6 Handling open-field questions 

Question 14 and 15 are open field questions about the players experiences thoughts 

regarding spatial analysis. The questions can be seen in Appendix 1. To analyze the 

fields in the timeframe of this study, deep learning methods were utilized. This is a 

method used in automatic content analysis as discussed in Scharkow (2017) and Suh, 

Aragon, Chen, Drouhard, & Kocielnik (2018). The answers were summarized using 

state-of-the-art natural language processing library Transformers by Huggingface that 

uses deep learning and Pytorch as a framework. Transformers has pretrained models for 

natural language processing, which are easy to implement for example for arbitrary text 

summarization. The model chosen for the task is BART, a denoising autoencoder. The 

result is fluent and grammatical English, as was concluded in the qualitative analysis by 

BARTs creators (Lewis et al., 2019). The model used was 

BartForConditionalGeneration with the natively supported Facebook dataset as a 

vocabulary file. The tokenizer was BartTokenizer and it was also pretrained using the 

Facebook dataset. The texts were encoded by tokenizing the answers using batch 

encoding with BartTokenizer. Then summary ids were generated with the pretrained 

model using the tokenized inputs. Finally, the summary texts were generated by 

decoding the encoded summary ids. The length of the result varied, with the levels that 

had more answers having a longer resulting summary. Therefore, to further summarize 

these, the process was done a second time. Because Bart is an arbitrary text 

summarization method, it was acknowledged that using the method twice could produce 

error. To tackle this problem, a simpler method of natural language processing was used 

for the summary. 

The answers were stripped of unnecessary articles such as punctuation, numbers 

and English stopwords, for example “and”, “a”, or “the”. The sentences were then 

tokenized to their words and weighted frequencies were calculated based on the count 

of occurrence of each word. The frequencies were then divided by the frequency of the 

most occurring word, resulting in weighted frequency. Sentences were assigned an 

importance value based on the sum of the weighted frequencies of its words. Then the 



 

36 

 

top sentences of the previously summarized sentences were based on their importance 

score. 

Inductive content analysis was performed on the summarized texts. For question 

14, the inductive content analysis produced different codes for each game. The codes 

were transformed into compact subcategories for a mind map representation of the 

analysis results. The mind maps and code occurrence counts supported the writing of a 

result summary report. 

For question 15, the inductive content analysis produced summarized abstracts of 

answers. Sentiment keywords were assigned to each skill level. The keywords were 

“positive”, “negative”, “critical”, “analysis”, “constructive”, “confused” and 

“controversial”. The keywords describe the respondents attitude and reaction towards 

the presented visualizations. If the overall mood was accepting or excited towards the 

visualizations, the sentiment was positive. If the visualizations were scorned by the 

respondents and deemed not useful, the sentiment was negative. Critical keyword means 

that the players did not just bash the pictures but could think of other contexts where 

they could be useful or could recognize useful parts in the visualizations. Analysis tag 

was assigned if many players described what they saw in the visualization, and drew 

conclusions based on them. Constructive means that players gave feedback on the 

visualizations or described functionalities they would like to go along with them, for 

example a time slider, more data filters, or context information. Answers were confused 

if the respondents did not understand the visualizations or reported to be unable to 

interpret any meaning in the data. The keyword “controversial” was given if the 

attitudes were very positive and negative at the same time. The keywords and their 

counts were visualized with data tables for skill-wise comparison of answers. A 

descriptive report of the findings was written based on the tables. 

3.5 Interview study 

The interview questions are based on the questionnaire questions, but do not have set 

answers. The aim of this is to create a freeform semi structured interview that provides 

more in-depth commentary on the questionnaire themes. The data from interviews is 

complementary to the questionnaire data, and its aim is to fill in gaps in data and gain a 

deeper understanding of the topic. 
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The interviews were held with a video chat in Discord and Google Meetings and 

recorded with Ableton Live and edited to make the sound clear. Then I transcribed the 

interviews into text format, with a degree of generalization. Filler words such as “umm” 

or “like” were removed because the emotion or style of speech is not the focus of my 

study. Some interviews were held in Finnish, but I translated the content of those 

interviews into English for inductive content analysis. 

Before doing the actual interviews or sharing the questionnaire, I held a test 

interview on 17.11.2020 with an e-sports player. I received feedback from the interview 

and applied the feedback in the questions. I also presented my thesis plan on the M. Sc. 

seminar course on 18.11.2020 and received feedback from peers and professors that my 

questions seemed scientifically and thematically informed. 

The subjects for interview were chosen from the people who chose to give their 

email address in the questionnaire. The professional players were chosen by reviewing 

their answers and verifying their identity through contact. This was done to verify that 

the chosen players for the professional group of interviews had not been dishonest about 

their skill level. All subjects of the interview were players, analysts or coaches among 

the top teams in the world in their own respective game, according to recent rankings on 

ESL CS:GO (n.d.-a), ESL Dota 2 (n.d.-b), PUBG E-sports (2019), and MPGR (2021). 

All of the subjects have also attended the world’s biggest invitational tournaments in 

their respective games: cs_summit for CS:GO, The International for Dota 2, PUBG 

Global Championship for PUBG and Smash Summit for Melee. I interviewed four 

people in total, one person for each game. The interviews were conducted in December 

2020-January 2021.  

The analysis of interviews was done using inductive content analysis as 

suggested by Elo and Kyngä (2008), and practiced by many researchers in social 

studies. The recorded interviews were transcribed into text format and read thoroughly. 

Headings were written in the margins to extract topics from the text. These headings 

were collected and arranged under higher order headings so that generic categories of 

themes were formed. Then, these generic categories were futher categorized into main 

categories, which resulted in a tree structure. After this, the categories and main points 

were summarized into a table. Finally, a mind map was produced based on the tree 

structure and the table. 
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The analysis of interviews was done using inductive content analysis as suggested 

by Elo and Kyngä (2008), and practiced by many researchers in social studies. The 

recorded interviews were transcribed into text format and read thoroughly. Headings 

were written in the margins to extract the most interesting topics from the text that 

provided information not apparent from the survey answers. These headings were 

collected and arranged under higher order headings so that generic categories of themes 

were formed. After this, the categories and main points were summarized into a table 

that acted as a spine for a textual report about the results. 
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Table 6. Classification of spatial analytics tools used in game development, translated to English (Ijäs 

& Muukkonen, 2018). 

4 Findings from systematic literature review 

4.1 General results 

There are many methods and softwares for doing spatial analysis. One of the most 

common ways to visualize spatial data is the heatmap. Ijäs and Muukkonen (2018) 

share their findings on the classification of spatial analytics tools used in game 

development: 1) tools used by game developers and 2) non-commercial third party tools 

(Table 6). The classes of tools that are also available for players are generic analytical 

tools such as Tableau, Python of Qgis. Also, all the non-commercial third-party tools 

are available. These include the tools made by scientists, such as the Play-graph by 

Gunter Wallner (2013), and tools made by people in gaming communities, such as the 

Skybox.gg replay analysis tool for CS:GO (Skybox, 2020). 

 

 

While my literature review goes through papers, blogs and tools for the four 

target games in my study, there are many studies done with similar themes for other 

games. In traditional sports, coaches and analysts analyze all player movements and 

actions to find areas to improve in. Alfonso et al. (2019) found in their study that 

  

Classification of game analytics tools 
  

  
1. Tools used by game developers 

  
2. Non-commercial third-party tools 

  

  a) Game analytics services   a) Tools developed by researchers   

  

  HoneyTracks, Game Analytics, 
Playnomics, Delta DNA 

    Play-graph 

  

  

b) General analytics software   b) Tools created by gaming communi-
ties   

  
  Tableau, ArcGIS, QGIS     Various tools 

  

  

c) Tools developed by game devel-
opers 

    

  

  
  TRUE, DNA Viewer     
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Table 7. Results of literature review inductive content analysis. The colors tell how good the situation is 

for each category with green indicating good and red indicating bad. “High” means relatively large and 

“low” small number of articles. Data acquisition colors tell how easy it is to acquire data: none of the 

games feature easy data acquisition from inside the game. Melee requires game modifications to get ac-

cess to replay functionality and in-game analytics (mods). With the modification, the in-game analytics 

are fairly good. 

analyzing spatio-temporal aspects of e-sports players is of high importance for 

improving player performance. They created a visualization tool for the MOBA game 

League of Legends, which creates animated maps and various graphs about game 

matches. They conclude that even data-analysis-wise inexperienced users are capable of 

using their tool and conduct an analysis of the spatial aspects of a game. Furthermore, 

the casual players and e-sports narrators showed great interest towards the tool. Deja 

and Myślak (2015) found in their case study of arena games that match outcomes can be 

predicted only using topological clues. Using arbitrary attributes, such as player spread 

area among the area, they were able to create a model that predicted match outcome in 

varying player skill level groups with 90% accuracy. This inspired the thought that good 

positioning is invaluable in high-level gameplay. 

Studies about spatial gaming data have been performed by independent 

statisticians and gamers are available on online blogs and social media. Even game 

specific e-sports sites use spatial analytics, but it seems to be quite rudimentary in terms 

of methods. Proper understanding of spatial data is needed for spatial analysis. For 

example, Kohli and her group did exploratory data analysis with Fortnite data but 

struggled to acquire any meaningful insight using spatial techniques (Kohli, 2018). 

They did however find the process insightful and educational. 

 

 

 

  CS:GO Dota 2 PUBG Melee 

Research Low High None Low 

Analysis tools High High High Medium 

Blogs / EDA High Medium High Medium 

Videos High High High High 

Data acquisition Demo API API Mod 

Replay Yes Yes Yes Mod 

In-game analytics Good Good Medium Bad (mod) 



 

41 

 

Each of the target games were evaluated based on how many spatial analysis 

related research articles, analysis tools, analysis or exploratory data analysis blog posts, 

and video content they had. Additionally, the ease of data acquisition from the game, 

inclusion of replay features, and in-game spatial analysis tools were evaluated. The 

results can be seen in Table 7. 

Overall, each game has some research done about them, but especially PUBG 

and Melee have very little, if any, research done that includes spatial aspects of the 

game. All games have seen an increase in spatial analytics tools in the recent years 

(GOSU.AI, 2021b; Meier, 2021; Scope.gg, 2021). While Melee has some analysis tools 

in the making, they are not ready yet and do not reach the high category (Panda Global, 

2021). All games have active fanbases that write vast amounts of guides and do 

exploratory spatial data analysis in many different forms. Dota 2, having many free 

analytical tools as well as a great in-game analysis system, seems to not have that many 

active fans doing exploratory spatial data analysis. All games however have multiple 

YouTube channels providing video content regarding advanced techniques and spatial 

themes. Data acquisition is not made easy in any of the games, as none of them have 

actual in-game tools for easily acquiring parsed data. Dota 2 and PUBG have fairly 

easy-to-use APIs for getting data, and it is completely open. CS:GO data must be parsed 

from demo files which adds an extra barrier. Melee has things worst as players must use 

mods on computer to get data from the game. All games have a functioning replay 

system except for Melee, but the Slippi mod fixes this. CS:GO and Dota 2 have in-game 

systems for spatial analytics and data visualizations. PUBG has a great replay tool, that 

could use improvements regarding analytics. Melee does not have any analytics tools 

in-game, but there are fantastic fan-made mods for them. 

While SemanticScholar and ResearchGate did find 32 articles related to CS:GO, only 8 

(24.2%) had any themes relating to spatial analytics (Table 8).  

 

Table 8. Numbers of journal articles, conference papers and books found on Semantic Scholar, as well as 

numbers and percentages of papers that contain spatial keywords. 

  CS:GO Dota 2 PUBG Melee Sum 

All research articles 32 (24.2%) 86 (65.2%) 8 (6.1%) 8 (6.1%) 132 

Spatial themes 8 (24.2%) 21 (63.6%) 0 (0.0%) 4 (12.1%) 33 

Spatial themes % of all 25.0 % 24.4 % 0.0 % 50.0 % 25.0 % 
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4.2 Prediction 

Out of all the focus games in this study, Dota 2 has the overwhelming majority of 

research done overall. Semantic Scholar returns 86 results when searching for “Dota 2”. 

This is 65.2% of the research articles published for all the target games, and 21 of those 

contain spatial analytical topics. I see that recurring themes in these are winner 

prediction, artificial intelligence development for bots, and player behavior evaluation. 

Many of the studies include machine learning methods that use movement or locational 

data as an attribute. 

Studies that aim to predict the outcome of an e-sports match using non-spatial 

metrics are more frequent, and most of it is in the moba genre (Ong, Deolalikar, & 

Peng, 2015; Semenov, Romov, Neklyudov, Yashkov, & Kireev, 2016). Studies like this 

have managed to achieve a prediction accuracy of 54-82% using historical team data. 

The studies that used in-game data from live games such as team composition managed 

to achieve a higher accuracy (Johansson & Wikström, 2016). However, Wahlroos 

(2018) found it impossible to predict match outcome reliably even after extensive 

exploratory data analysis with a match outcome prediction accuracy of 54%. This tells 

about the difficulty of predicting human behavior with predictive statistical models. As 

for spatial themes, Schubert et al. (2016) presented a general encounter-based predictive 

model for e-sports analytics, using attributes such as role distribution. Their study sheds 

light on the relationship between historical data and in-game data in the context of 

prediction. They find that the initial setting of combat encounter affects the outcome of 

the match, but also that gameplay during the encounter cannot be dismissed as an 

important factor. They then accumulate individual combat outcome predictions to 

predict match outcome. While these types of studies are more frequent in the MOBA 

genre, Makarov et al (2018) included Counter-Strike: Global Offensive also in their 

study alongside Dota 2, and used player roles and skill to predict winner. Based on their 

study, Björklund et al (2018) then refined a model specifically for CS:GO that used 

player positions relative to each other as well as the spatio-temporal aspects of their 

movement as attributes. The newest advancement by Xenopoulos et al (2020) makes a 

non-euclidean distance model to use as predictors. All of these studies are proof-of-
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concept by nature, and state that similar concepts could be implemented for almost any 

game Björklund et al (2018, p. 34). Indeed, for PUBG Rokad et al (2019) normalized 

nearly all their predictors with movement distance, and Mamulpet (2019) used 

movement and kill ranges as a measure to predict winners successfully. I see that the 

interest in spatial attributes in studies has increased in recent years, as many of the 

studies are from the years 2016-2021. The trend in all of the studies appears to be that 

increasingly complex spatial concepts have risen in importance. The use of spatial 

analytics and attributes is also recommended by the authors in the studies, as they 

reportedly provide better working predictive models (Mamulpet, 2019, p. 4; Yang, Qin, 

& Lei, 2017, p. 7). Despite this, no scientific studies in the field has been done for Super 

Smash Bros. Melee. 

4.3 AI 

While match outcome prediction has not been a common theme in Melee research, the 

same cannot be said about AI. There are 17 research paper on Semantic Scholar about 

Melee, out of which 7 contain spatial themes, and 6 are about artificial intelligence that 

also take spatial data into account. The studies use spatial aspects such as stage 

segmentation, movement and positioning in reinforcement learning to create an AI (L. 

Brown & Crowley, 2018; Chen & Yi, 2017; Firoiu, Ju, & Tenenbaum, 2018; Firoiu, 

Whitney, & Tenenbaum, 2017; Parr, 2018; Parr, Dilipkumar, & Liu, 2017). The final AI 

came close to beating a professional player “Professor Pro” in a match. However, they 

found difficulty with the complex nature of the game as even the continuous 

components such as position can be tricky to deal with under uncertainty. 

Reinforcement learning has been used in Dota 2 studies also, where a project named 

OpenAI Five managed to win against the world champions Team OG (Berner et al., 

2021). Similarly, other studies have been done for Dota 2 and CS:GO that aim to make 

the in-game bots perform better (Patel, Patel, Hexmoor, & Carver, 2012; Smith & 

Heywood, 2019). These studies on AI show that movement and space are extremely 

important aspects in the game, especially when tied to temporal factors. For PUBG 

however, scientific literature on AI does not exist yet. 
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4.4 Behavior 

Another focus has been the spatial elements of player behavior. Dota 2 and CS:GO 

research done about the link between spatial aspects of gameplay and player skill level. 

A paper tightly related to my study by Drachen et al. (2014) studied skill-based 

differences in the spatio-temporal team behavior in Dota 2 games, concluding that skill 

level is linked to player movement patterns. For example, higher level players are less 

stationary and move in the more proximity of their teammates, when compared to 

lower-level players. Korotin et al. (2019) studied players gaze and key presses in 

CS:GO and found out pro players have different distributions in their gameplay data 

than amateurs. Pro players can be distinguished from amateur players with data from 

their gameplay. This means that players can use data from pro player matches and 

gameplay to find out bad habits in their gameplay and hone their skills. (Korotin et al., 

2019). Additionally Reeves, Brown, & Laurier (2009) used vignettes to study the spatial 

cognitive skills of expert Counter-Strike players. They concluded that the vignettes 

show how players combine a close eye on the game state with a complex sense of what 

friend and foe are doing in the game environment. Experts develop a spatial game sense 

about where others usually are and what they are usually doing. They suggest that 

expert Counter-Strike players have developed a sense of the game environment as a 

tactically oriented understanding, rather than as static spatial knowledge. 

Movement and locational attributes have been found to be associated with player 

playstyle and player roles. Yuen et al (2020) were able to achieve a 95% accuracy when 

trying to connect players from two separate matches studying their movement 

tendencies in Dota 2. Movement patterns have been proven to be an integral part of 

fulfilling roles in team-based games. Eggert et al (2015) and Gao et al (2013) both shed 

light on the team-based nature of high-level Dota 2 play, as well as show the parallels 

between traditional sports and Dota 2. The models developed in these studies were also 

used as teaching tools for amateur players. 

4.5 Various analytics 

Other topics in scientific literature have been about improving spectator mode and in-

fographics or optimizing specific areas in a game or gameplay using spatial analytics. 
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Research on various analytics has been done for all games, but quantitative methods 

have only been used for CS:GO, Dota 2 and PUBG. For Melee, there is only a single 

qualitative contemporary media content analysis about players playstyle characteristics 

(Ford, 2017). 

For the other games, there have been a combination of methods used to improve 

the spectator side of e-sports. The aim of these types of studies is to create a model or a 

tool that helps analysts or spectators understand gameplay. Charleer at al (2018) created 

a dashboard overlay for Dota 2 that included simple spatial visualizations. Lie et al 

(2019) created an automatic camera movement system for moba games that helps or-

ganize an efficient live stream experience that captures the most important events in-

game. Using behavioral labels, (Kleinman et al., 2020) create a system for generalizable 

qualitative match analysis. The labels defined in the study contain spatiality, for exam-

ple “teaming” label for when team members stick together for strategic advantage. The 

labels are then visualized on the map as a function of time for spatio-temporal qualita-

tive analysis. These types of tools help small tournament organizers and live streamers 

achieve a good quality experience for the viewer without the need for a camera control-

ling caster. They also provide valuable insight and context in an interactive manner. 

 Studies about specific optimizations include route finding in Dota 2 (Batsford, 

2014) and analysis of vision-enabling ward efficiency (Pedrassoli Chitayat et al., 2020). 

Ding (2018) created an operational model for PUBG for optimal landing positions 

based on the circle locations at the beginning of the match, taking route advantages and 

disadvantages into account in the worst case scenario final circle. All these studies find 

optimizations useful, but state that the complexity of the game makes objectively opti-

mal decision making difficult for the models. Witschel and Wressnegger (2020) use the 

complexity of game systems in their advantage by providing a suggestion for optimiz-

ing aim assistance tool detection, a type of cheat in CS:GO and other shooting games. 

They conclude that aim bot movements do not necessarily differ from human move-

ments and need a machine learning model that learns the movement and shooting pat-

terns of each player to objectively detect cheats. Such studies are made easier partially 

thanks to the work by Bednárek et al (2017) who provide a system for preprocessing 

CS:GO data and as well as a way for connecting a player profile based on their 

metadata. 
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 These studies cover topics from very different fields from AI and game outcome 

prediction to security issues and spectator experience enhancement. This goes to prove 

that spatial analytics and data can be used in various different fields in e-sports, and 

interest in it is growing. Still, a very small number of studies exist about how players 

use spatial analysis and data to train their skills, and the role of data in e-sports overall. 

Kleinman and El-Nasr (2021) write a sytematic literature review on how research has 

explored the use of data and analytics in e-sports, and find that much of the existing 

research studies the player experience in a theoretical manner, rather than empirical. 

They argue that there remains an opening and a need for research that explores, 

specifically, how players use their data. 

4.6 Non-scientific literature 

Table 9. Numbers of guides and proportions that contain spatial keywords on Steam Community pages 

for CS:GO, Dota 2 and PUBG, and on Smashboards for Melee. 

  CS:GO Dota 2 PUBG Melee Sum 

All guides 15081 1381 911 66 17439 

Spatial guides 4197 603 238 49 5087 

Spatial guides % of all 27.80 % 43.70 % 26.20 % 74.20 % 29.20 % 

 

I see that freeform studies and guides have been more frequent online than scientific lit-

erature for all target games. There are various websites with blog posts with exploratory 

data analysis, guides, general game analysis and data tools online with spatial themes. 

When looking at the common guides pages Steam Community pages and Smashboards, 

CS:GO has the most guides available, and Melee has the least (Table 9). However, Me-

lee has the highest proportional number of guides with spatial themes: 74.2%. Overall, 

29.2% of all guides were found to cover spatial topics. 

CS:GO steam community guides has 15081 guides overall. Searching for “map” 

returns 3074 (20.38%) results, 1505 (9.98%) results for “positioning”, 764 (5.07%) re-

sults for “movement”, 458 (3.04%) results for “angle”, and 293 (1.94%) results for 

“placement”. When searching for all these spatial keywords, 27.8% topics are found. 

The Steam community guides page of Dota 2 has 231438 English articles. However it 

should be noted that Dota 2 Steam guides are used differently than CS:GO or PUBG 

guides, as they are often hero-specific item and ability guides without any text, showing 
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only the in-game icons of items and spells that players should buy at different levels. 

The game has a framework where players can insert the guides inside the game so that 

tooltips show suggestions for example which items to buy next, based on your active 

guides. These saturate the guide page, so only results without the “hero build” tag were 

included in the search. Removing the hero build tag shows 1381 total guides. Within 

these, searching for “map” returns 337 (24.40%) results, “positioning” 277 (20.06%) 

results, “movement” 201 (14.55%) results, “rotation” 60 (4.34%) results, “range” 331 

(23.97%), and “pathing” 140 (10.14%) results. When searching with all the spatial 

terms, 603 (43.7%) results of non-hero build English guides contain spatial keywords. 

The Steam community page of PUBG has 911 English guides. Searching “map” 

returns 173 (18.99%) results, “positioning” 72 (7.90%) results, “movement” 39 (4.28%) 

results, and “terrain” 19 (2.09%). When searching with all the spatial keywords, 238 

(26.2%) guides were found to cover spatial-related themes. 

The Melee Library, as its name says, is an encyclopedia of Melee tutorials and 

guides (Baggerman & Long, 2020). There are 881 total guides. Using the browser 

search functionality for the titles, “stage” has 29 (3.29%) results, “movement” has 20 

(2.3%), “position” has 11 (1.3%) results, “Spacing” has 7 (0.8%) results, and “space” 

has 4 (0.5%) results. The search is problematic however, as many of the titles do not 

properly depict the contents, and some of the guides are in video format. SmashBoards 

is a prominent resource and forum website for competitive Smash (SmashBoards, 

2021). The Melee section of guides has 66 resources altogether. The search 

functionality at Smashboards takes not only titles but also content into consideration. 

Searching for “stage” has 42 (63.64%) results, “spacing” returns 40 (60.6%) results, 

“movement” has 24 (36.4%) results, “position” has 24 (36.4%) results. When searching 

for all these keywords, 49 (74.2%) guides are found. Such a big difference in the results 

suggests that many of the articles in the Melee Library actually cover spatial themes. 

For CS:GO, the community-based data science platform Kaggle has analysis 

notebooks for positioning, utility usage, and pistol round analysis, most of them using 

the “CS:GO Competitive Matchmatking Data” (KP, 2018). Since the number of 

scientific papers is high for Dota 2, it was expected that individual exploratory spatial 

data analysis blogs and notebooks would also be high. Surprisingly, they were 

extremely scarce. Kaggle had multiple datasets for Dota 2 with many notebooks, but 
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only one with spatial-related themes was found, a spatio-temporal analysis of hero 

locations (marketneutral, 2020). Outside Kaggle, only one data analysis was found, also 

about hero movements at the tournament The International 3 (LordZera, 2014). For 

PUBG, Kaggle as well as other exploratory spatial data analysis blog posts have themes 

related to kills and deaths, player drop locations, equipment spawn locations, and attack 

directions (Apers, 2018; Li, 2018). Simply searching “PUBG Map” on Kaggle returns 

over 700 notebook results and results. This shows the power of freely available API and 

how interested players are in doing analysis on their matches.  

At HLTV.com, the leading CS:GO community site has various articles 

regarding spatial analytics. The professional CS:GO manager and analyst Tomi 

Kovanen (2016) discusses the analytics that could be introduced to the game in the 

future. Among these are spatial statistics include crosshair movement before kills, 

heatmaps on entry frag grenades, kills near smokes, aggressive movement kill maps, 

bombsite entries, and regular kill and death heatmaps. Many of these have been 

implemented nowadays.  

For Melee, the spatial aspects of a matches with the character called Jigglypuff in 

Super were analyzed by Grigoryev (2019). He finds that the characters killing blows are 

not equally distributed spatially, but are different depending on the stage, and also 

skewed to the right side of a stage (Grigoryev, 2019). Similar results were also found by 

the Smashboards user xChaos, only with more analog methods of data collection 

(XChaos, 2016). Reddit user schmooblidon made a comparison of competitive-legal 

stage dimensions by creating overlays of the stages and their blast zones 

(Schmooblidon, 2016). A post on imgur compares characters’ standing heights, a factor 

that plays a big role when range and spacing of attacks can make or break a matchup 

(Cave, 2016). Kaggle, however, does not have any spatial analytics related notebooks. 

4.7 Analysis tools 

It appears that there has been a surge of analytics tools and websites for all the four 

target games in the recent years. Overall, 59 tools for the target games that provide 

some sort of spatial analytics were found (Table 10). Definitive lists of the tools found 

can be viewed in Appendix 5. CS:GO has the most tools, and Melee has the fewest. 

Dota 2 has a relatively low amount of spatial analytics tools when compared to its 
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popularity. Map visualizations in a static or animated format are the most common ones, 

covering 66.1% of all tools. However, they are rare for Melee as only one tool was 

found that provides it, and it is still in beta testing phase. These map visualizations 

usually show spatial information about player positions (Azzolini, 2018), deaths or kills 

(Noesis, 2019), or various game feature visualizations such as ward vision ranges in 

Dota 2 (Devilesk, 2018). Csgonades.com is a website for learning about effective use of 

grenades, with various user-created map visualizations as well as interactive maps 

(Solbakk, 2021). I see that their aim is to show various spatial statistics of each game, 

including thematic maps, heatmaps of locations individual players and buffer maps of 

visuals: a mix of viewshed and buffer analysis. The visualizations can also show 

aggregate data from multiple games for a single player. 

 

Table 10. Numbers of working tools available online for each game, and their functionalities. The key-

words meanings are as follows. Map visualization: data visualized on the game map. Statistics: spatial 

statistics without visualizations for example in tables. Replay: an advanced 3D or 2D replay functionality 

of a match. Range: visualization or statistics about ranges or buffer zones. In-game analytics: a tool to be 

used in-game that shows data and visuals on the go. Other: various game-specific visualizations or tools. 

 

The second most common ones are statistics tools that give information in the 

format of pure numbers, covering around half of all tools for all games. These statistics 

can be for example distance traversed in a match, average shooting ranges, or in-game 

position related statistics such as lane statistics in Dota 2 (Spectral Leamare, 2021). The 

specific statistics provided differ with game and the versatility of the tool. 

Replay tools are especially common for CS:GO and PUBG, as they cover nearly 

half of the tools available for them (Table 10). However, they are not as common for 

Dota 2 and Melee. The replays can be in 3D (Skybox, 2020) or 2D (Azzolini, 2018). 

  CS:GO Dota 2 PUBG Melee Sum 

Tools overall 22 14 16 7 59 

Map visualization 16 (72.7%) 8 (57.1%) 14 (87.5%) 1 (14.3%) 39 (66.1%) 

Statistics 10 (45.5%) 7 (50.0%) 7 (43.8%) 4 (57.1%) 28 (47.5%) 

Replay 10 (45.5%) 3 (21.4%) 7 (43.8%) 1 (14.3%) 21 (35.6%) 

Range 1 (4.5%) 1 (7.1%) 0 (0.0%) 3 (42.9%) 6 (10.2%) 

In-game analytics 1 (4.5%) 1 (7.1%) 0 (0.0%) 1 (14.3%) 3 (5.1%) 

Other 4 (18.2%) 1 (7.1%) 2 (12.5%) 1 (14.3%) 8 (13.6%) 
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Figure 4. The out-of-shield options of Fox in Super Smash Bros. Melee. Red colors indicate a faster 

attack option out of shield and blue colors a slower option. The numbers are frames in a 60-frame per 

second game. Human reaction time is about 16-25 frames, so it is dangerous to stay inside the lighter 

blue area near Fox (ikneedata, 2015).  

Some tools enable drawing on the replay map for strategic analysis (Twire, 2020). Tools 

for analyzing ranges are common for Melee in the form of hitbox visualizations as can 

be seen in Figure 4 (ikneedata, 2015), but also exist for range accuracy statistics in 

CS:GO and warding or spell range visualizations for Dota 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

In-game spatial analytics tools are not very common for any of the target games. 

These include grenade throwing path visualizations in CS:GO (ESEA, 2021), AI-based 

gameplay strategy recommendation system (GOSU.AI, 2021a) or interactive hitbox 

visualizations for Melee (Bertinelli, 2021). These are very game-specific and appear to 

be mainly used for training specific areas of gameplay. While not included in the list of 

tools, a recent update brought basic spatial analytics and intelligence tools in CS:GO. 

These included team-specific kill and death heatmaps, shot accuracy maps and a 

location-tagging system (Valve, 2021b). The developer Valve offers an official in-game 

spatial analytics add-on for their game Dota 2 also that goes by the name of Dota 

(Valve, 2021c). It is an enhanced version of the game that enables advanced statistics 

that can be viewed after game. It also features live suggestions during gameplay for 

example about optimal player location and match outcome probability graph, similarly 
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to Gosu AI. PUBG gives some rudimentary statistics to players about gun firing ranges 

and features a replay functionality similar to Dota 2 and CS:GO, but does not provide 

players with map visualizations. Melee does not have any of these in the unmodified 

base game. Slippi is a modification for Melee that enables acquisition of replay files and 

gameplay statistics, as well as rollback online play (Laferriere, 2021). It has enabled a 

wide range of possibilities for analytics. Without the modification, viewing replays is 

impossible and acquiring data is possible only through analogous means. 

 Other spatial analytics include aim statistics and heatmaps in CS:GO and PUBG 

(Battlegrounds.party, 2021; Leetify, 2021), and interactive map drawing tools for Dota 

2 (Devilesk, 2018). Some tools had many different and widely varying functionalities, 

such as the training modification pack UnclePunch Training-Mode, that they were 

included in the other-category (Bertinelli, 2021). 

 Many of these tools are open-source and free to use, and not affiliated with the 

game developers (Bertinelli, 2021; Chupalika, 2018). However, some of them require 

paid memberships to be able to use them (sixteenzero, 2018). I see that the paid tools 

are meant for professional players or e-sports teams, and the free tools are for everyone 

to use. Many of the tools are meant for exploratory data analysis and practice purposes.  

There was no definitive list of spatial analytics tools available online before this study, 

and the information about these tools was scattered around individual peoples home 

sites, school work Github repositories, and forum posts.  

4.8 Video content 

Table 11. Numbers of videos and views for all the target games in YouTube (GGBeyond, 2021e). 

  CS:GO Dota 2 PUBG Melee 

Videos 338 910 404 092 438 803 44 694 

Views 25 552 980 478 12 262 301 211 22 059 357 241 398 081 564 

Views/videos ratio 75397 30345 50271 8906 

 

There exists a large amount of YouTube content and guides about spatial-related themes 

for all the games, as can be seen in Table 11 (GGBeyond, 2021e). Counter-Strike has 

the most views overall, but PUBG has the most videos done. CS:GO consequentially 

also has the highest views/videos ratio, and Melee has the lowest. Melee also has the 
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fewest amount of videos and views overall. This may be due to the large amount of 

tournament match content that is pushed on YouTube for Melee, where quantity is large 

but quality is not necessarily high. However, there are countless channels that focus on 

strategic guides, tutorials on advanced mechanics, and deep analysis of professional 

level matches for competitive gameplay. The competitive scene being very active in all 

of the games, there are also many content creators who create guides and tip videos on 

various themes related to landing locations, hiding places, movement, circle rotations, 

map locations, and so on (Godec, 2021; Kjærulff, 2021; SSBM Tutorials, 2021; 

vooCSGO, 2021). 

I see that the purpose of video content is to teach advanced gameplay and strategy 

to players, and to engage the community in topics that professional players deal with. 

They also act as a way of breaking the barrier between amateur and professional 

players. The content is however created by players of all skill levels. It is apparent that a 

large portion of the e-sports communities revolve around these video content channels. 
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5 Results from questionnaires and interviews 

5.1 Questionnaire results 

5.1.1 Total answer numbers and skill level distributions 

After preprocessing the survey data, the sample consisted of 2453 answers. The answer 

counts for each game were as follows: CS:GO: 722, Dota 2: 908 answers, PUBG: 311 

answers, and Melee: 512 answers (Table 12). The answers for skill levels appear to be 

nearly normally distributed. The least answers are in the expert and novice categories: 

70 and 148 respectively. The highest number of answers is 1240 in the competent 

option.  

Table 12. Total survey answer numbers and skill level distributions per game. 

  Novice 
Advanced 
Beginner 

Competent Proficient Expert Sum 

CS:GO (n = 722) 46 (6.4%) 132 (18.3%) 371 (51.4%) 164 (22.7%) 9 (1.2%) 722 (29.4%) 

Dota 2 (n = 908) 34 (3.7%) 228 (25.1%) 483 (53.2%) 146 (16.1%) 17 (1.9%) 908 (37.0%) 

PUBG (n = 311) 15 (4.8%) 46 (14.8%) 152 (48.9%) 77 (24.8%) 21 (6.8%) 311 (12.7%) 

Melee (n = 512) 53 (10.4%) 149 (29.1%) 234 (45.7%) 53 (10.4%) 23 (4.5%) 512 (20.9%) 

Sum 70 (2.9%) 440 (17.9%) 1240 (50.6%) 555 (22.6%) 148 (6.0%) 2453 

 

The distributions in each game for skill level are very similar across all games. 

Each game has a distribution that more or less approaches normality. CS:GO and PUBG 

have proportionally slightly more answers in the proficient than advanced beginner. On 

the contrary, Dota 2 and Melee have proportionally more answers in advanced beginner 

than proficient. CS:GO and Dota 2 have proportionally the least number of answers in 

the expert category: less than 2% each. Dota 2 also has the lowest amount of novice 

answers, only 3.7%. 
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5.1.2 Played times 

Questions 3 and 4 were about total in-game played times and weekly playing times. For 

total play times, the option 0-200 hours has the least answers, and 2001-5000 hours has 

the most. Counter-Strike: Global Offensive and PlayerUnknown’s Battlegrounds have 

fairly similar answers distributions, with 0-200 and >5000 hours being scarcer than the 

middle answers.  

Dota 2 differs from the two mainly by its disproportionally large >5000 hours 

answer percentage being 32.2%. Super Smash Bros. Melee differs from all the rest, 

having the distribution of answers being nearly equal across all choices: the lowest 

answer rate is 14.8% for “201-500” and highest being 18.8% for “2001-5000”.  

 

Table 13. Respondent played times by their game and skill level. Skill levels are 1 = Novice, 2 = Ad-

vanced beginner, 3 = Competent, 4 = Proficient, 5 = Expert. 

Hours 
played 

CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

0 - 200 

29 
(63.0%) 

19 
(14.4%) 

1 (0.3%) 0 (0.0%) 
0 

(0.0%) 
20 

(58.8%) 
4 (1.8%) 1 (0.2%) 0 (0.0%) 

0 
(0.0%) 

49 (6.8%) 25 (2.8%) 

201 - 500 

12 
(26.1%) 

44 
(33.3%) 

33 
(8.9%) 

0 (0.0%) 
0 

(0.0%) 
9 

(26.5%) 
24 

(10.5%) 
6 (1.2%) 0 (0.0%) 

0 
(0.0%) 

89 (12.3%) 39 (4.3%) 

501 - 1000 

4 
(8.7%) 

40 
(30.3%) 

66 
(17.8%) 

5 (3.0%) 
0 

(0.0%) 
2 

(5.9%) 
37 

(16.2%) 
15 

(3.1%) 
2 (1.4%) 

0 
(0.0%) 

115 (15.9%) 56 (6.2%) 

1001 - 2000 

1 
(2.2%) 

22 
(16.7%) 

107 
(28.8%) 

22 
(13.4%) 

0 
(0.0%) 

1 
(2.9%) 

66 
(28.9%) 

80 
(16.6%) 

7 (4.8%) 
2 

(11.8%) 

152 (21.1%) 156 (17.2%) 

2001 - 5000 

0 
(0.0%) 

6 (4.5%) 
142 

(38.3%) 
100 

(61.0%) 
1 

(11.1%) 
2 

(5.9%) 
77 

(33.8%) 
223 

(46.2%) 
37 

(25.3%) 
1 

(5.9%) 

249 (34.5%) 340 (37.4%) 

> 5000 

0 
(0.0%) 

1 (0.8%) 
22 

(5.9%) 
37 

(22.6%) 
8 

(88.9%) 
0 

(0.0%) 
20 

(8.8%) 
158 

(32.7%) 
100 

(68.5%) 
14 

(82.4%) 

68 (9.4%) 292 (32.2%) 

Sum 

46 
(6.4%) 

132 
(18.3%) 

371 
(51.4%) 

164 
(22.7%) 

9 
(1.2%) 

34 
(3.7%) 

228 
(25.1%) 

483 
(53.2%) 

146 
(16.1%) 

17 
(1.9%) 

722 (29.4%) 908 (37.0%) 
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Hours 
played 

PUBG (n = 311) Melee (n = 512) 
Sum 

1 2 3 4 5 1 2 3 4 5 

0 - 200 

12 
(80.0%) 

15 
(32.6%) 

2 
(1.3%) 

0 
(0.0%) 

0 
(0.0%) 

44 
(83.0%) 

31 
(20.8%) 

6 
(2.6%) 

0 
(0.0%) 

0 
(0.0%) 184 

(7.5%) 

29 (9.3%) 81 (15.8%) 

201 - 500 

2 
(13.3%) 

12 
(26.1%) 

16 
(10.5%) 

1 
(1.3%) 

0 
(0.0%) 

5 
(9.4%) 

44 
(29.5%) 

27 
(11.5%) 

0 
(0.0%) 

0 
(0.0%) 235 

(9.6%) 

31 (10.0%) 76 (14.8%) 

501 - 1000 

1 
(6.7%) 

6 
(13.0%) 

26 
(17.1%) 

10 
(13.0%) 

0 
(0.0%) 

4 
(7.5%) 

38 
(25.5%) 

36 
(15.4%) 

1 
(1.9%) 

1 
(4.3%) 294 

(12.0%) 

43 (13.8%) 80 (15.6%) 

1001 - 2000 

0 
(0.0%) 

11 
(23.9%) 

52 
(34.2%) 

16 
(20.8%) 

2 
(9.5%) 

0 
(0.0%) 

24 
(16.1%) 

61 
(26.1%) 

5 
(9.4%) 

1 
(4.3%) 480 

(19.6%) 

81 (26.0%) 91 (17.8%) 

2001 - 5000 

0 
(0.0%) 

2 
(4.3%) 

50 
(32.9%) 

35 
(45.5%) 

10 
(47.6%) 

0 
(0.0%) 

10 
(6.7%) 

64 
(27.4%) 

18 
(34.0%) 

4 
(17.4%) 782 

(31.9%) 

97 (31.2%) 96 (18.8%) 

> 5000 

0 
(0.0%) 

0 
(0.0%) 

6 
(3.9%) 

15 
(19.5%) 

9 
(42.9%) 

0 
(0.0%) 

2 
(1.3%) 

40 
(17.1%) 

29 
(54.7%) 

17 
(73.9%) 478 

(19.5%) 

30 (9.6%) 88 (17.2%) 

Sum 

15 
(4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 
(6.8%) 

53 
(10.4%) 

149 
(29.1%) 

234 
(45.7%) 

53 
(10.4%) 

23 
(4.5%) 

2453 

311 (12.7%) 512 (20.9%) 

 

The skill-wise results are fairly similar for each game. Novice players have 

chosen proportionally more answers in the lower range of playing hours, and no 

respondent has chosen the option “>5000 hours”. In turn higher skill level players have 

chosen proportionally more answers in the higher range of played times. No expert 

players and only one proficient player have chosen the first two options. The biggest 

differences are in the advanced beginner and competent categories. Dota 2 and Melee 

differ the most from the other two, having proportionally more answers in the higher 

groups for moderately low skill levels. 

Respondents weekly play times were the theme of question 3, and the results can 

be seen in Table 13. The first option “0 – 5 hours” of has the most answers: 775 or 

31.6%. The proportion of answers decreases as the amount of playing time per week 

rises. The highest option “>30 hours” has 206 answers, covering 8.4% of total answers. 

The game-wise answer rates are nearly the same for CS:GO and Dota 2, with the 
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biggest difference being in the proportion of answers in the “0-5 hours” category. 

PUBG differs from the two by having proportionally more answers in the middle 

options than in the highest or lowest options. Melee answers differ the most from all the 

rest, with the overwhelming majority of answers being in the “0-5 hours” category: 263 

answers covering 51.4% of total Melee answers. The higher play time options have the 

least answers, with “21-30 hours” having the least number of answers, and “>30 hours” 

having the second least answers. 

The game-wise answer rates are nearly the same for CS:GO and Dota 2, with the 

biggest difference being in the proportion of answers in the “0-5 hours” category. 

PUBG differs from the two by having proportionally more answers in the middle 

options than in the highest or lowest options. Melee answers differ the most from all the 

rest, with the overwhelming majority of answers being in the “0-5 hours” category: 263 

answers covering 51.4% of total Melee answers. The higher play time options have the 

least answers, with “21-30 hours” having the least number of answers, and “>30 hours” 

having the second least answers (Table 14). 

 

Table 14. Respondent weekly playing hours by their game and skill level. Skill levels are 1 = Novice, 2 = 

Advanced beginner, 3 = Competent, 4 = Proficient, 5 = Expert. 

Weekly 
play 
hours 

CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

0 - 5 

32 
(69.6%) 

53 
(40.2%) 

95 
(25.6%) 

30 
(18.3%) 

0 
(0.0%) 

25 
(73.5%) 

74 
(32.5%) 

115 
(23.8%) 

21 
(14.4%) 

1 
(5.9%) 

210 (29.1%) 236 (26.0%) 

6 - 10 

6 
(13.0%) 

41 
(31.1%) 

105 
(28.3%) 

40 
(24.4%) 

1 
(11.1%) 

5 
(14.7%) 

79 
(34.6%) 

138 
(28.6%) 

32 
(21.9%) 

1 
(5.9%) 

193 (26.7%) 255 (28.1%) 

11 - 20 

6 
(13.0%) 

22 
(16.7%) 

105 
(28.3%) 

35 
(21.3%) 

3 
(33.3%) 

3 
(8.8%) 

46 
(20.2%) 

129 
(26.7%) 

41 
(28.1%) 

0 
(0.0%) 

171 (23.7%) 219 (24.1%) 

21 - 30 

2 
(4.3%) 

13 
(9.8%) 

39 
(10.5%) 

30 
(18.3%) 

0 
(0.0%) 

1 
(2.9%) 

24 
(10.5%) 

56 
(11.6%) 

23 
(15.8%) 

3 
(17.6%) 

84 (11.6%) 107 (11.8%) 

> 30 

0 
(0.0%) 

3 
(2.3%) 

27 
(7.3%) 

29 
(17.7%) 

5 
(55.6%) 

0 
(0.0%) 

5 
(2.2%) 

45 
(9.3%) 

29 
(19.9%) 

12 
(70.6%) 

64 (8.9%) 91 (10.0%) 

Sum 

46 
(6.4%) 

132 
(18.3%) 

371 
(51.4%) 

164 
(22.7%) 

9 
(1.2%) 

34 
(3.7%) 

228 
(25.1%) 

483 
(53.2%) 

146 
(16.1%) 

17 
(1.9%) 

722 (29.4%) 908 (37.0%) 
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Hours 
played 

PUBG (n = 311) Melee (n = 512) 
Sum 

1 2 3 4 5 1 2 3 4 5 

0 - 5 

14 
(93.3%) 

12 
(26.1%) 

31 
(20.4%) 

8 
(10.4%) 

1 
(4.8%) 

49 
(92.5%) 

90 
(60.4%) 

104 
(44.4%) 

17 
(32.1%) 

3 
(13.0%) 775 

(31.6%) 
66 (21.2%) 263 (51.4%) 

6 - 10 

1 
(6.7%) 

21 
(45.7%) 

41 
(27.0%) 

12 
(15.6%) 

0 
(0.0%) 

3 
(5.7%) 

42 
(28.2%) 

95 
(40.6%) 

14 
(26.4%) 

7 
(30.4%) 684 

(27.9%) 
75 (24.1%) 161 (31.4%) 

11 - 20 

0 
(0.0%) 

8 
(17.4%) 

55 
(36.2%) 

19 
(24.7%) 

1 
(4.8%) 

1 
(1.9%) 

16 
(10.7%) 

30 
(12.8%) 

13 
(24.5%) 

8 
(34.8%) 541 

(22.1%) 
83 (26.7%) 68 (13.3%) 

21 - 30 

0 
(0.0%) 

4 
(8.7%) 

17 
(11.2%) 

22 
(28.6%) 

5 
(23.8%) 

0 
(0.0%) 

1 
(0.7%) 

1 
(0.4%) 

5 
(9.4%) 

1 
(4.3%) 247 

(10.1%) 
48 (15.4%) 8 (1.6%) 

> 30 
hours 

0 
(0.0%) 

1 
(2.2%) 

8 
(5.3%) 

16 
(20.8%) 

14 
(66.7%) 

0 
(0.0%) 

0 
(0.0%) 

4 
(1.7%) 

4 
(7.5%) 

4 
(17.4%) 206 

(8.4%) 

39 (12.5%) 12 (2.3%) 

Sum 

15 
(4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 
(6.8%) 

53 
(10.4%) 

149 
(29.1%) 

234 
(45.7%) 

53 
(10.4%) 

23 
(4.5%) 2453 

311 (12.7%) 512 (20.9%) 

 

The distribution of answers in each game reflects also on the skill-wise results. 

PUBG, CS:GO and Dota 2 have all similar distributions, but Melee has somewhat 

different distributions. In the lower skill levels in all games, players have chosen 

proportionally more answers in the lower range of playing hours, and no respondent has 

chosen the option “>30 hours”. The higher skill level players have chosen 

proportionally more answers in the higher range of playing times. However, there are 

some answers for expert players in the lowest categories. This may be because a player 

may consider themselves to be an expert in the game, even if they are retired or are an 

analyst or a coach of a team. In those cases, they may have expert knowledge of the 

game despite not spending huge amounts of time each week playing the game. The 

biggest differences are in the proficient and expert categories. Melee differs the most 

from the rest, having proportionally more answers in the lower categories for higher 

skill levels. 
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5.1.3 Tournament attendance 

The question 6 was about the number of attended tournaments as a player. The most 

common option was “0” (Table 15). The answers numbers then decrease in an 

exponential manner.  

 

Table 15. Tournament attendance per game and skill level. Skill levels are 1 = Novice, 2 = Advanced be-

ginner, 3 = Competent, 4 = Proficient, 5 = Expert. 

Tournaments at-
tended 

CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

0 
45 (97.8%) 114 (86.4%) 228 (61.5%) 50 (30.5%) 2 (22.2%) 31 (91.2%) 181 (79.4%) 313 (64.8%) 55 (37.7%) 1 (5.9%) 

439 (60.8%) 581 (64.0%) 

1 - 5 
1 (2.2%) 17 (12.9%) 119 (32.1%) 70 (42.7%) 1 (11.1%) 2 (5.9%) 39 (17.1%) 128 (26.5%) 52 (35.6%) 2 (11.8%) 

208 (28.8%) 223 (24.6%) 

6 - 10 
0 (0.0%) 0 (0.0%) 14 (3.8%) 18 (11.0%) 0 (0.0%) 0 (0.0%) 5 (2.2%) 18 (3.7%) 14 (9.6%) 3 (17.6%) 

32 (4.4%) 40 (4.4%) 

11 - 20 
0 (0.0%) 0 (0.0%) 8 (2.2%) 11 (6.7%) 0 (0.0%) 0 (0.0%) 1 (0.4%) 11 (2.3%) 5 (3.4%) 0 (0.0%) 

19 (2.6%) 17 (1.9%) 

Over 20 
0 (0.0%) 1 (0.8%) 2 (0.5%) 15 (9.1%) 6 (66.7%) 1 (2.9%) 2 (0.9%) 13 (2.7%) 20 (13.7%) 11 (64.7%) 

24 (3.3%) 47 (5.2%) 

Sum 
46 (6.4%) 132 (18.3%) 371 (51.4%) 164 (22.7%) 9 (1.2%) 34 (3.7%) 228 (25.1%) 483 (53.2%) 146 (16.1%) 17 (1.9%) 

722 (29.4%) 908 (37.0%) 

 

Tournaments 
attended 

PUBG (n = 311) Melee (n = 512) 
Sum 

1 2 3 4 5 1 2 3 4 5 

0 

15 
(100.0%) 

39 
(84.8%) 

97 
(63.8%) 

30 
(39.0%) 

2 
(9.5%) 

40 
(75.5%) 

49 (32.9%) 25 (10.7%) 2 (3.8%) 0 (0.0%) 1319 
(53.8%) 

183 (58.8%) 116 (22.7%) 

1 - 5 
0 (0.0%) 6 (13.0%) 

29 
(19.1%) 

15 
(19.5%) 

4 
(19.0%) 

10 
(18.9%) 

71 (47.7%) 64 (27.4%) 3 (5.7%) 0 (0.0%) 633 
(25.8%) 

54 (17.4%) 148 (28.9%) 

6 - 10 
0 (0.0%) 1 (2.2%) 13 (8.6%) 

7 
(9.1%) 

0 
(0.0%) 

3 (5.7%) 21 (14.1%) 34 (14.5%) 3 (5.7%) 0 (0.0%) 154 
(6.3%) 

21 (6.8%) 61 (11.9%) 

11 - 20 
0 (0.0%) 0 (0.0%) 8 (5.3%) 

7 
(9.1%) 

2 
(9.5%) 

0 (0.0%) 2 (1.3%) 24 (10.3%) 3 (5.7%) 0 (0.0%) 82 
(3.3%) 

17 (5.5%) 29 (5.7%) 

Over 20 
0 (0.0%) 0 (0.0%) 5 (3.3%) 

18 
(23.4%) 

13 
(61.9%) 

0 (0.0%) 6 (4.0%) 87 (37.2%) 42 (79.2%) 
23 

(100.0%) 265 
(10.8%) 

36 (11.6%) 158 (30.9%) 

Sum 
15 (4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 
(6.8%) 

53 
(10.4%) 

149 (29.1%) 
234 

(45.7%) 
53 (10.4%) 23 (4.5%) 

2453 

311 (12.7%) 512 (20.9%) 

 

The game-wise results are fairly similar for CS:GO, Dota 2 and PUBG (Table 

15). Melee being an older console game, it does not have native online play which 
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limits multiplaying mostly to tournaments. Therefore, it is more common for active 

Melee players to have attended to tournaments, however big or small. The rest of the 

games have native online multiplayer modes which make it possible to play the game 

with others without attending tournaments. For all games besides Melee, there are also 

some answers in the lower options of “0” and “1-5”. This may be explained by the fact 

that these three games have online multiplayer, and it is possible to gain expert 

knowledge of the high-level metagame without attending to tournaments as a player. It 

is also possible that these answers are from analysts, casters, or coaches, who are tightly 

connected to high-level tournament play in other roles. For Melee, the answer 

distributions differ from the other games.  

The lowest skill level has fairly similar distribution as the other games, with just 

a little more answers on the middle options. The skill levels advanced beginner – 

proficient have significantly more answers in the higher options, with competent and 

expert both having the most answers in the “over 20” option. For the expert level, 100% 

of answers are in the “over 20” option. This is explained by the local multiplayer nature 

of the game as mentioned earlier. 

5.1.4 Interests in game 

Question 6 was about what interests players in their game. Altogether the highest 

number of answers for points of interest in a game were in the categories 

“competitiveness” and “high skill ceiling”, as can be seen in Table 16. The least 

amounts of answers were in the categories “single player”, “other”, and “popularity”.  

The results for the most and least selected options are similar in all games. 

“Competitiveness” the among the top options in each game, and “single player”, “other” 

and “popularity” are the least selected options. “High skill ceiling” is the most or second 

most selected answer in all games except PUBG where it has the fourth highest amount 

of answers. For other options, there are some differences also. The skill-wise answers 

show differences in some of the options (Table 16). 
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Table 16. Answers for the points of interest in each game, divided by skill level. The options are short-

ened versions of the actual answer options. Skill levels are 1 = Novice, 2 = Advanced beginner, 3 = Com-

petent, 4 = Proficient, 5 = Expert. 

Option 
CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

Competitiveness 

26 
(56.5%) 

105 
(79.5%) 

328 
(88.4%) 

154 
(93.9%) 

9 
(100.0%) 

14 
(41.2%) 

148 
(64.9%) 

363 
(75.2%) 

132 
(90.4%) 

15 
(88.2%) 

622 (86.1%) 672 (74.0%) 

Entertainment 

32 
(69.6%) 

94 
(71.2%) 

207 
(55.8%) 

68 
(41.5%) 

4 
(44.4%) 

19 
(55.9%) 

148 
(64.9%) 

317 
(65.6%) 

86 
(58.9%) 

7 
(41.2%) 

405 (56.1%) 577 (63.5%) 

Single player 

2 
(4.3%) 

5 
(3.8%) 

23 
(6.2%) 

7 
(4.3%) 

1 
(11.1%) 

3 
(8.8%) 

9 
(3.9%) 

25 
(5.2%) 

3 
(2.1%) 

1 
(5.9%) 

38 (5.3%) 41 (4.5%) 

Genre / Series 

12 
(26.1%) 

27 
(20.5%) 

68 
(18.3%) 

27 
(16.5%) 

0 (0.0%) 
3 

(8.8%) 
49 

(21.5%) 
89 

(18.4%) 
18 

(12.3%) 
2 

(11.8%) 

134 (18.6%) 161 (17.7%) 

Social aspects 
17 

(37.0%) 
59 

(44.7%) 
160 

(43.1%) 
69 

(42.1%) 
4 

(44.4%) 
9 

(26.5%) 
58 

(25.4%) 
125 

(25.9%) 
35 

(24.0%) 
4 

(23.5%) 

309 (42.8%) 231 (25.4%) 

Multiplayer 

31 
(67.4%) 

82 
(62.1%) 

259 
(69.8%) 

93 
(56.7%) 

7 
(77.8%) 

14 
(41.2%) 

123 
(53.9%) 

270 
(55.9%) 

85 
(58.2%) 

6 
(35.3%) 

472 (65.4%) 498 (54.8%) 

High skill ceiling 

22 
(47.8%) 

90 
(68.2%) 

284 
(76.5%) 

143 
(87.2%) 

6 
(66.7%) 

14 
(41.2%) 

160 
(70.2%) 

382 
(79.1%) 

140 
(95.9%) 

15 
(88.2%) 

545 (75.5%) 711 (78.3%) 

Freedom of skill 

19 
(41.3%) 

67 
(50.8%) 

196 
(52.8%) 

87 
(53.0%) 

2 
(22.2%) 

14 
(41.2%) 

129 
(56.6%) 

279 
(57.8%) 

87 
(59.6%) 

8 
(47.1%) 

371 (51.4%) 517 (56.9%) 

Popularity 

10 
(21.7%) 

15 
(11.4%) 

68 
(18.3%) 

22 
(13.4%) 

0 (0.0%) 
2 

(5.9%) 
20 

(8.8%) 
39 

(8.1%) 
17 

(11.6%) 
1 

(5.9%) 

115 (15.9%) 79 (8.7%) 

Other 

3 
(6.5%) 

13 
(9.8%) 

32 
(8.6%) 

13 
(7.9%) 

3 
(33.3%) 

8 
(23.5%) 

20 
(8.8%) 

44 
(9.1%) 

11 
(7.5%) 

1 
(5.9%) 

64 (8.9%) 84 (9.3%) 

Sum 

46 
(6.4%) 

132 
(18.3%) 

371 
(51.4%) 

164 
(22.7%) 

9 (1.2%) 
34 

(3.7%) 
228 

(25.1%) 
483 

(53.2%) 
146 

(16.1%) 
17 

(1.9%) 

722 (29.4%) 908 (37.0%) 
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Option 
PUBG (n = 311) Melee (n = 512) 

Sum 

1 2 3 4 5 1 2 3 4 5 

Competitiveness 

6 
(40.0%) 

29 
(63.0%) 

109 
(71.7%) 

69 
(89.6%) 

20 
(95.2%) 

29 
(54.7%) 

115 
(77.2%) 

183 
(78.2%) 

46 
(86.8%) 

21 
(91.3%) 1921 

(78.3%) 
233 (74.9%) 394 (77.0%) 

Entertainment 

10 
(66.7%) 

30 
(65.2%) 

88 
(57.9%) 

38 
(49.4%) 

9 
(42.9%) 

43 
(81.1%) 

112 
(75.2%) 

171 
(73.1%) 

35 
(66.0%) 

13 
(56.5%) 1531 

(62.4%) 
175 (56.3%) 374 (73.0%) 

Single player 

2 
(13.3%) 

5 
(10.9%) 

12 
(7.9%) 

3 
(3.9%) 

1 
(4.8%) 

9 
(17.0%) 

16 
(10.7%) 

21 
(9.0%) 

2 
(3.8%) 

1 
(4.3%) 151 

(6.2%) 
23 (7.4%) 49 (9.6%) 

Genre / Series 

3 
(20.0%) 

13 
(28.3%) 

45 
(29.6%) 

27 
(35.1%) 

7 
(33.3%) 

21 
(39.6%) 

46 
(30.9%) 

68 
(29.1%) 

8 
(15.1%) 

5 
(21.7%) 538 

(21.9%) 
95 (30.5%) 148 (28.9%) 

Social aspects 

7 
(46.7%) 

15 
(32.6%) 

52 
(34.2%) 

27 
(35.1%) 

4 
(19.0%) 

27 
(50.9%) 

76 
(51.0%) 

146 
(62.4%) 

39 
(73.6%) 

19 
(82.6%) 952 

(38.8%) 
105 (33.8%) 307 (60.0%) 

Multiplayer 

8 
(53.3%) 

31 
(67.4%) 

96 
(63.2%) 

51 
(66.2%) 

11 
(52.4%) 

30 
(56.6%) 

75 
(50.3%) 

122 
(52.1%) 

26 
(49.1%) 

17 
(73.9%) 1437 

(58.6%) 
197 (63.3%) 270 (52.7%) 

High skill ceiling 

3 
(20.0%) 

23 
(50.0%) 

77 
(50.7%) 

51 
(66.2%) 

15 
(71.4%) 

26 
(49.1%) 

112 
(75.2%) 

202 
(86.3%) 

48 
(90.6%) 

22 
(95.7%) 1835 

(74.8%) 
169 (54.3%) 410 (80.1%) 

Freedom of skill 

4 
(26.7%) 

20 
(43.5%) 

47 
(30.9%) 

30 
(39.0%) 

10 
(47.6%) 

34 
(64.2%) 

116 
(77.9%) 

203 
(86.8%) 

47 
(88.7%) 

20 
(87.0%) 1419 

(57.8%) 
111 (35.7%) 420 (82.0%) 

Popularity 

1 
(6.7%) 

4 
(8.7%) 

8 
(5.3%) 

9 
(11.7%) 

1 
(4.8%) 

15 
(28.3%) 

14 
(9.4%) 

27 
(11.5%) 

10 
(18.9%) 

5 
(21.7%) 288 

(11.7%) 
23 (7.4%) 71 (13.9%) 

Other 

3 
(20.0%) 

7 
(15.2%) 

18 
(11.8%) 

8 
(10.4%) 

1 
(4.8%) 

3 
(5.7%) 

10 
(6.7%) 

32 
(13.7%) 

8 
(15.1%) 

3 
(13.0%) 241 

(9.8%) 
37 (11.9%) 56 (10.9%) 

Sum 

15 
(4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 
(6.8%) 

53 
(10.4%) 

149 
(29.1%) 

234 
(45.7%) 

53 
(10.4%) 

23 
(4.5%) 2453 

311 (12.7%) 512 (20.9%) 

 
 
 
 

  

5.1.5 Essential abilities for play success 

Question 7 is the first question that is not related to the background of the players, so 

from this question on, more attention was paid to the statistical analysis of results. The 

question was about the skills and knowledge needed for succeeding in a game. The most 

popular option overall was “Positioning / movement” (Table 17). Both spatial-related 

options were also in the top four most popular options. The option “other” being so low 

is an indicator that the options provided were quite sufficient. It is also noteworthy that 
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nearly all options beside “other” had at least 50% answer rate, indicating that all of the 

skills are useful. 

 

Table 17. Skills needed for succeeding in a game. The options are shortened versions of the actual answer 

options. Skill levels are 1 = Novice, 2 = Advanced beginner, 3 = Competent, 4 = Proficient, 5 = Expert. 

Option 
CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

Reaction 

35 
(76.1%) 

87 
(65.9%) 

218 
(58.8%) 

97 
(59.1%) 

4 
(44.4%) 

14 
(41.2%) 

109 
(47.8%) 

212 
(43.9%) 

63 
(43.2%) 

8 
(47.1%) 

441 (61.1%) 406 (44.7%) 

Knowledge of 
mechanics 

15 
(32.6%) 

44 
(33.3%) 

155 
(41.8%) 

83 
(50.6%) 

5 
(55.6%) 

20 
(58.8%) 

129 
(56.6%) 

293 
(60.7%) 

88 
(60.3%) 

10 
(58.8%) 

302 (41.8%) 540 (59.5%) 

Game 
knowledge 

39 
(84.8%) 

75 
(56.8%) 

261 
(70.4%) 

113 
(68.9%) 

8 
(88.9%) 

31 
(91.2%) 

196 
(86.0%) 

427 
(88.4%) 

135 
(92.5%) 

16 
(94.1%) 

496 (68.7%) 805 (88.7%) 

Position 

39 
(84.8%) 

117 
(88.6%) 

333 
(89.8%) 

144 
(87.8%) 

7 
(77.8%) 

27 
(79.4%) 

205 
(89.9%) 

431 
(89.2%) 

135 
(92.5%) 

14 
(82.4%) 

640 (88.6%) 812 (89.4%) 

Game sense 

35 
(76.1%) 

99 
(75.0%) 

330 
(88.9%) 

156 
(95.1%) 

8 
(88.9%) 

23 
(67.6%) 

171 
(75.0%) 

367 
(76.0%) 

120 
(82.2%) 

13 
(76.5%) 

628 (87.0%) 694 (76.4%) 

Strategy 

22 
(47.8%) 

52 
(39.4%) 

152 
(41.0%) 

66 
(40.2%) 

6 
(66.7%) 

25 
(73.5%) 

175 
(76.8%) 

363 
(75.2%) 

116 
(79.5%) 

15 
(88.2%) 

298 (41.3%) 694 (76.4%) 

Technical skills 

27 
(58.7%) 

85 
(64.4%) 

238 
(64.2%) 

121 
(73.8%) 

8 
(88.9%) 

18 
(52.9%) 

121 
(53.1%) 

272 
(56.3%) 

84 
(57.5%) 

13 
(76.5%) 

479 (66.3%) 508 (55.9%) 

Spatial aware-
ness 

40 
(87.0%) 

88 
(66.7%) 

279 
(75.2%) 

129 
(78.7%) 

5 
(55.6%) 

29 
(85.3%) 

185 
(81.1%) 

413 
(85.5%) 

132 
(90.4%) 

14 
(82.4%) 

541 (74.9%) 773 (85.1%) 

Teamwork 

36 
(78.3%) 

110 
(83.3%) 

330 
(88.9%) 

137 
(83.5%) 

8 
(88.9%) 

30 
(88.2%) 

194 
(85.1%) 

398 
(82.4%) 

123 
(84.2%) 

16 
(94.1%) 

621 (86.0%) 761 (83.8%) 

Stress manage-
ment 

17 
(37.0%) 

53 
(40.2%) 

151 
(40.7%) 

78 
(47.6%) 

5 
(55.6%) 

17 
(50.0%) 

115 
(50.4%) 

261 
(54.0%) 

81 
(55.5%) 

10 
(58.8%) 

304 (42.1%) 484 (53.3%) 

Other 
0 (0.0%) 0 (0.0%) 10 (2.7%) 6 (3.7%) 

1 
(11.1%) 

0 
(0.0%) 

9 
(3.9%) 

15 (3.1%) 8 (5.5%) 
1 

(5.9%) 

17 (2.4%) 33 (3.6%) 

Sum 
46 (6.4%) 

132 
(18.3%) 

371 
(51.4%) 

164 
(22.7%) 

9 
(1.2%) 

34 
(3.7%) 

228 
(25.1%) 

483 
(53.2%) 

146 
(16.1%) 

17 
(1.9%) 

722 (29.4%) 908 (37.0%) 
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Option 
PUBG (n = 311) Melee (n = 512) 

Sum 

1 2 3 4 5 1 2 3 4 5 

Reaction 

12 
(80.0%) 

30 
(65.2%) 

97 
(63.8%) 

54 
(70.1%) 

14 
(66.7%) 

29 
(54.7%) 

93 
(62.4%) 

156 
(66.7%) 

40 
(75.5%) 

17 
(73.9%) 1389 

(56.6%) 
207 (66.6%) 335 (65.4%) 

Knowledge 
of mechanics 

3 
(20.0%) 

9 
(19.6%) 

44 
(28.9%) 

37 
(48.1%) 

7 
(33.3%) 

29 
(54.7%) 

96 
(64.4%) 

166 
(70.9%) 

43 
(81.1%) 

18 
(78.3%) 1294 

(52.8%) 
100 (32.2%) 352 (68.8%) 

Game 
knowledge 

3 
(20.0%) 

26 
(56.5%) 

94 
(61.8%) 

51 
(66.2%) 

15 
(71.4%) 

44 
(83.0%) 

110 
(73.8%) 

190 
(81.2%) 

47 
(88.7%) 

18 
(78.3%) 1899 

(77.4%) 
189 (60.8%) 409 (79.9%) 

Position 

12 
(80.0%) 

42 
(91.3%) 

142 
(93.4%) 

75 
(97.4%) 

17 
(81.0%) 

47 
(88.7%) 

138 
(92.6%) 

218 
(93.2%) 

51 
(96.2%) 

19 
(82.6%) 2213 

(90.2%) 
288 (92.6%) 473 (92.4%) 

Game sense 

5 
(33.3%) 

27 
(58.7%) 

104 
(68.4%) 

67 
(87.0%) 

17 
(81.0%) 

29 
(54.7%) 

94 
(63.1%) 

151 
(64.5%) 

35 
(66.0%) 

19 
(82.6%) 1870 

(76.2%) 
220 (70.7%) 328 (64.1%) 

Strategy 

1 
(6.7%) 

20 
(43.5%) 

71 
(46.7%) 

50 
(64.9%) 

17 
(81.0%) 

17 
(32.1%) 

75 
(50.3%) 

123 
(52.6%) 

33 
(62.3%) 

16 
(69.6%) 1415 

(57.7%) 
159 (51.1%) 264 (51.6%) 

Technical 
skills 

6 
(40.0%) 

22 
(47.8%) 

67 
(44.1%) 

44 
(57.1%) 

13 
(61.9%) 

41 
(77.4%) 

126 
(84.6%) 

203 
(86.8%) 

50 
(94.3%) 

22 
(95.7%) 1581 

(64.5%) 
152 (48.9%) 442 (86.3%) 

Spatial 
awareness 

14 
(93.3%) 

33 
(71.7%) 

127 
(83.6%) 

63 
(81.8%) 

18 
(85.7%) 

22 
(41.5%) 

63 
(42.3%) 

106 
(45.3%) 

29 
(54.7%) 

14 
(60.9%) 1803 

(73.5%) 
255 (82.0%) 234 (45.7%) 

Teamwork 

11 
(73.3%) 

32 
(69.6%) 

127 
(83.6%) 

68 
(88.3%) 

20 
(95.2%) 

2 
(3.8%) 

1 
(0.7%) 

11 
(4.7%) 

1 
(1.9%) 

7 
(30.4%) 1662 

(67.8%) 
258 (83.0%) 22 (4.3%) 

Stress man-
agement 

4 
(26.7%) 

15 
(32.6%) 

65 
(42.8%) 

39 
(50.6%) 

12 
(57.1%) 

15 
(28.3%) 

72 
(48.3%) 

123 
(52.6%) 

28 
(52.8%) 

13 
(56.5%) 1174 

(47.9%) 
135 (43.4%) 251 (49.0%) 

Other 

0 
(0.0%) 

3 
(6.5%) 

4 
(2.6%) 

3 
(3.9%) 

3 
(14.3%) 

4 
(7.5%) 

3 
(2.0%) 

12 
(5.1%) 

4 
(7.5%) 

2 
(8.7%) 88 

(3.6%) 
13 (4.2%) 25 (4.9%) 

Sum 

15 
(4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 
(6.8%) 

53 
(10.4%) 

149 
(29.1%) 

234 
(45.7%) 

53 
(10.4%) 

23 
(4.5%) 2453 

311 (12.7%) 512 (20.9%) 

 

The answer distributions for each game were analyzed using a histogram-based 

gradient boosting classifier that provided permutation importances for each option 

(Figure 5). The model reached 62% accuracy, which is significantly better than a dumb 

model that would always pick the most frequent game Dota 2. The accuracy would be 

37%. According to the boosting model, the most important variable is “teamwork and 

communication”. Super Smash Bros. Melee is usually played in a one-versus-one 
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fashion, so team play is not common. The second most important variable is “good 

reaction timeThe option “technical / mechanical skills (precise timing of correct 

inputs)” is the second most picked answer for Melee, but not for the other games. Apart 

from the option “other”, the three least important options are “stress management”, 

“map / spatial awareness”, and “positioning / movement”. This indicates that no 

prediction of the game could be made based on these options and that these options are 

equally important in each game. Spatial-related skills being a top pick of skills and 

knowledge needed for succeeding in each game and also being equally important for 

each game would indicate that spatial skills are important regardless of game played. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The results of ordinal logistic regressions produced significant results for all 

games except Dota 2 at the 0.05 level. Goodness of fit statistics were over 0.05 for all 

games. However, when testing for the assumption of proportional odds (test of parallel 

Figure 5. Box plot of the permutation importances in a histogram-based gradient boosting classification tree 

for ways of studying game-play. The target variable is the games, and “teamwork and communication” has 

the highest importance value. 
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lines), only Dota 2 and Melee passed it, having a resulting p-value over 0.05. Therefore 

altogether, the only results that are significant and passed the test for assumption of 

proportional odds was Super Smash Bros. Melee. Ann O’Connel (2011, p. 30) found 

that the test for proportionality is anticonservative and nearly always results in very 

small p-values, warning about rejecting the null hypothesis of proportionality of odds 

solely based on the test. For this reason, results with test for parallel line not passing 

were also analyzed. 

Table 18. CS:GO results of ordinal logistic regression for skills and knowledge needed for succeeding in 

a game. Results are calculated for the probability of each option not having been chosen, so estimates are 

reversed when interpreting for an option having been chosen. 

Counter-Strike: Global Offensive results        

Parameter Estimates Estimate 
Std. Er-

ror 
Wald p-value 

95% Confidence In-
terval 

 

Lower 
Bound 

Upper 
Bound  

Threshold 

Skill = 1 -3.056 0.199 235.921 < 0.001 -3.446 -2.666  

Skill = 2 -1.413 0.148 90.807 < 0.001 -1.703 -1.122  

Skill = 3 0.996 0.142 49.198 < 0.001 0.718 1.275  

Skill = 4 4.261 0.354 145.201 < 0.001 3.568 4.954  

Location Reaction 0.493 0.157 9.77 0.002 0.184 0.803  

  Knowledge of mechanics -0.516 0.172 8.998 0.003 -0.852 -0.179  

  Game knowledge -0.040 0.168 0.055 0.814 -0.369 0.290  

  Position 0.247 0.233 1.123 0.289 -0.210 0.704  

  Game sense -1.133 0.221 26.358 <0.001 -1.565 -0.700  

  Strategy 0.338 0.173 3.790 0.052 -0.002 0.678  

  Technical skills -0.222 0.157 1.991 0.158 -0.530 0.086  

  Spatial awareness -0.030 0.180 0.028 0.867 -0.382 0.322  

  Teamwork -0.012 0.212 0.003 0.954 -0.428 0.404  

  Stress management -0.178 0.160 1.232 0.267 -0.492 0.136  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood 
Chi-

Square 
df p-value   

Chi-
Square 

df 
p-

value 

Intercept Only 944.326 0.000 0.000 < 0.001 Pearson 971.406 906.000 0.065 

Final 889.235 55.091 10.000 < 0.001 Deviance 627.484 906.000 1.000 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood 
Chi-

Square 
df p-value 

Cox and 
Snell 

0.073 
  

Null Hypothesis 889.235       Nagelkerke 0.080   
General 840,111b 49,125c 30.000 0.015 McFadden 0.031   

a. Link function: Logit. 
  

b. The log-likelihood value cannot be further increased after maximum number of step-halving. 
  

c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general model. Va-
lidity of the test is uncertain. 
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Super Smash Bros. Melee has significant result in “teamwork”, as can be seen in 

Table 20. It indicates higher answer rate with higher skill level. “Strategy” and 

“knowledge of advanced mechanics” have significances less than 0.1 and both indicate 

that higher levels would have picked the options more. For Counter-Strike: Global 

Offensive, the variables with significant results are “good reaction time”, “knowledge of 

advanced mechanics”, and “game sense”. Reaction time appears to have proportionally 

less answers the higher the skill level. The other two have proportionally more answers 

with higher skill levels. As mentioned earlier, Dota 2 does not have any significant 

results at the 0.05 level. However, “good reaction time” has significance of 0.054 and 

has proportionally less answers for higher skill levels.  

Table 19. PUBG results of ordinal logistic regression for skills and knowledge needed for succeeding in a 

game. Results are calculated for the probability of each option not having been chosen, so estimates are 

reversed when interpreting for an option having been chosen. 

PlayerUnknown's Battlegrounds results        

Parameter Estimates Estimate 
Std. Er-

ror 
Wald p-value 

95% Confidence In-
terval 

 

Lower 
Bound 

Upper 
Bound 

 

Threshold 

Skill = 1 -4.090 0.356 132.003 < 0.001 -4.787 -3.392  
Skill = 2 -2.436 0.267 83.094 < 0.001 -2.960 -1.913  
Skill = 3 -0.022 0.220 0.010 0.922 -0.452 0.409  
Skill = 4 1.930 0.280 47.624 < 0.001 1.382 2.478  

Location 

Reaction 0.1138914 0.24738 0.21195 0.645 -0.371 0.599  

Knowledge of mechanics -0.202 0.267 0.570 0.450 -0.726 0.322  

Game knowledge -0.170 0.244 0.482 0.488 -0.648 0.309  
Position -0.071 0.427 0.028 0.868 -0.907 0.765  

Game sense -0.722 0.270 7.146 0.008 -1.252 -0.193  
Strategy -0.672 0.247 7.411 0.006 -1.156 -0.188  

Technical skills -0.128 0.229 0.313 0.576 -0.578 0.321  

Spatial awareness 0.185 0.296 0.392 0.531 -0.395 0.765  

Teamwork -0.470 0.304 2.395 0.122 -1.065 0.125  
Stress management -0.117 0.252 0.215 0.643 -0.612 0.377  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood 
Chi-

Square 
df p-value   

Chi-
Square 

df 
p-

value 

Intercept Only 584.786 0.000 0.000 < 0.001 Pearson 636.452 594.000 0.111 

Final 543.987 40.799 10.000 < 0.001 Deviance 436.310 594.000 1.000 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood 
Chi-

Square 
df p-value 

Cox and 
Snell 

0.123 
  

Null Hypothe-
sis 

543.987       Nagelkerke 0.133 
  

General 491,790b 52,197c 30.000 0.007 McFadden 0.050   
a. Link function: Logit.           
b. The log-likelihood value cannot be further increased after maximum number of 
step-halving.     
c. The Chi-Square statistic is computed based on the log-likelihood value of the last it-
eration of the general model. Validity of the test is uncertain. 
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Table 20. Melee results of ordinal logistic regression for skills and knowledge needed for succeeding in a 

game. Results are calculated for the probability of each option not having been chosen, so estimates are 

reversed when interpreting for an option having been chosen. 

Super Smash Bros. Melee results        

Parameter Estimates Estimate 
Std. Er-

ror 
Wald p-value 

95% Confidence Inter-
val  

Lower 
Bound 

Upper 
Bound  

Threshold 

Skill = 1 -3.961 0.434 83.429 < 0.001 -4.811 -3.111 
 

Skill = 2 -2.182 0.413 27.927 < 0.001 -2.991 -1.373 
 

Skill = 3 0.085 0.399 0.045 0.832 -0.697 0.867 
 

Skill = 4 1.435 0.422 11.551 < 0.001 0.607 2.262 
 

Location 

Reaction -0.191 0.184 1.077 0.299 -0.552 0.170 
 

Knowledge of me-
chanics 

-0.337 0.198 2.887 0.089 -0.726 0.052 
 

Game knowledge 0.017 0.219 0.006 0.939 -0.413 0.447 
 

Position 0.202 0.321 0.396 0.529 -0.427 0.830 
 

Game sense -0.101 0.184 0.305 0.581 -0.461 0.258 
 

Strategy -0.327 0.180 3.284 0.070 -0.680 0.027 
 

Technical skills -0.349 0.256 1.865 0.172 -0.851 0.152 
 

Spatial awareness 0.058 0.184 0.100 0.752 -0.302 0.418 
 

Teamwork -1.335 0.419 10.131 0.001 -2.157 -0.513 
 

Stress management -0.166 0.178 0.868 0.352 -0.515 0.183 
 

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 773.858 0.000 0.000 < 0.001 Pearson 685.097 714.000 0.776 

Final 741.571 32.287 10.000 <0.001 Deviance 529.849 714.000 1.000 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood Chi-Square df p-value 
Cox and 

Snell 
0.061 

  
Null Hypothesis 741.571       Nagelkerke 0.066   

General 706,909b 34,661c 30.000 0.255 McFadden 0.024 
  

a. Link function: Logit. 
   

b. The log-likelihood value cannot be further increased after maximum number of step-halving. 
   

c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general 
model. Validity of the test is uncertain. 

   

PUBG has significant results in “game sense” and “strategy (character pick, 

playstyle)”. The estimate suggests that they have proportionally more answers in higher 

skill levels than lower (Table 19). The option “teamwork and communication” has the 

highest estimate in the insignificant results: -0.470. This also indicates higher rates of 

answers with higher skill levels. As mentioned in the methods section, Kim & Choi 

(2019) suggest that insignificant results should not necessarily be dismissed if they have 

a high coefficient. 

When looking at the significant results of the individual binary logistic 

regressions, some further differences and similarities in the data become apparent 

Figure 6. Note that in order to better analyze the trends in the data, significance level for 
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individual logits was relaxed to 0.1 as explained in the methods section. Firstly, the only 

truly statistically significant results in ordinal regression were for Melee, and Figure 6 

explains the results. 

“Teamwork” has a positive coefficient at each split, and so does “strategy”, 

except for the nan value (Figure 6). For teamwork, the importance measures suggest 

similar results for strategy, but for teamwork the significance measure is high only at 

the highest split. The precise importance measures can be seen in Appendix 6. For 

“positioning / movement”, the results appear to be fairly similar for each game: having 

chosen the option suggests a lower chance of being in a higher skill level, but only after 

the first split. When comparing the results to Table 17, it becomes apparent that the 

middle levels have chosen the “position” option the most, and novice and expert levels 

have chosen the least. However, the variance is small. A similar trend is visible with the 

option “map / spatial awareness”, but with little more variation. Melee differs from the 

other games so that choosing the option would indicate a higher level of skill. The 

difference in the proportion of answers in spatial awareness is the most visible in 

CS:GO, and it was also noticed by the boosting model.  

The results for CS:GO are similar as what was suggested by the ordinal model: 

“good reaction time” suggests less answers for higher skill levels. Also, “knowledge of 

advanced mechanics” and “game sense” have more answers for higher skill levels, but 

the coefficients are fairly small. For PUBG, “game sense” has positive coefficients for 

all but the highest split. “Strategy” has strong positive coefficients, and large 

importance measures.  

Dota 2 results appear to bounce over and under the 0 coefficient value line, 

explaining the poor significance of the ordinal regression model. They also suggest that 

statistically significant linear relationships between the variables and skill level are not 

noticeable with these methods, with the exception of “technical skills”. When 

examining the results of the boosting models for Dota 2, they also appear to have low 

accuracies and low importance measures. 
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Figure 6. Composite plots of the significant logistic regression coefficients of each skill needed for succeeding 

in a game, weighted with permutation importances in a random forest classifier. In the scatter plot, x-axis repre-

sents consecutive skill levels and y-axis represents the coefficient value. Each game is represented with a differ-

ent color. The size of the dot is based on permutation importance. The tables are provided to help understanding 

shows the exact values of significant coefficients and the color is weighted with permutation importance, the 

brighter the color, the higher the permutation importance value. Red colors stand for negative coefficients and 

green colors stand for positive coefficients. 

Permutation importance 
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Overall, the ordinal regression models gave accurate results for all games 

despite the assumption of proportional odds not being met for PUBG and CS:GO. 

Results regarding the importance of spatial skills suggest that they are not 

proportionally as valued at highest levels as at lower skill levels, with the exception of 

Melee being the contrary. Despite this trend, spatial skills are still among the top skills 

even for experts. Both of the spatial-related options of skills needed for succeeding in a 

game were in the top three options out of total ten skills listed for CS:GO, Dota 2, and 

PUBG. For Melee, “position” was the most important skill and “spatial awareness” was 

proportionally the highest among the expert group, being a differentiating factor 

between the highest two and the rest of the skill levels. 

5.1.6 Ways of analyzing spatial aspects of gameplay 

The most popular option for analyzing spatial aspects of gameplay was “thinking” 

(Table 21). The next two most popular answers were “reviewing play videos” and 

“conversations”. These options are low-effort ways of doing analysis, but they do not 

shut out the possibility of combining them with other methods. The least answered 

options were “other” and “writing memos about gameplay”. 

The game-wise results are similar in each game. The gradient boosting classifier 

results show low prediction accuracy (Figure 7) and extremely low importance 

measures for all predictors. This indicates that the results are similar across games. 

Highest importance score is for “writing memos about gameplay”. Super Smash Bros. 

Melee has three times higher rate of choosing the option than the other games, which 

explains the importance measure. Still, even for Melee the rate of analyzing using 

memos is 12.7%. All the other importances are nearly 0 or below 0. 

The results of ordinal logistic regressions produced significant results for all 

games at the 0.05 level. Goodness of fit statistics were over 0.05 for all games. 

Additionally, the datasets for all games held the assumption of proportional odds. For 

the pseudo R-Square test, it appears that the answers only explain a small proportion of 

variance in skill level: 3.5% in CS:GO, 3.3% in Dota 2, 11.0% in PUBG, and 8.8% in 

Melee. CS:GO had significant results only in “writing memos about gameplay”, having 

a strong negative estimate (Table 22). This indicate that higher skill level players use 

memos more than lower level players. The same result was true also for Dota 2 as can 

be seen in table 24. 
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Melee has significant results for “thinking about gameplay”, with the option 

being more frequent at higher skill levels (Table 26). “Conversations”, “memos” and 

“doing spatial data analysis” are more frequent in the higher skill levels. When viewing 

the lower and upper bounds of each games results, it is apparent that the option “I do 

not analyze” has skill-based differences. When viewing the answer counts in Table 21, 

it became apparent that the option causes perfect separation. For individual logistic 

regressions, all of the variables that caused perfect separations were dropped for the 

splits where the separation occurred. The variables can be seen in Table 23. Individual 

logistic regressions were conducted to be able to confirm the relationships between skill 

levels and answers. 

 

 

 

 

 

Table 21. Ways of analyzing spatial aspects of gameplay. The options are shortened versions of the actual 

answer options. Skill levels are 1 = Novice, 2 = Advanced beginner, 3 = Competent, 4 = Proficient, 5 = 

Expert. 

Option 
CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

Thinking 
36 

(78.3%) 
96 

(72.7%) 
290 

(78.2%) 
124 

(75.6%) 
6 

(66.7%) 
24 

(70.6%) 
174 

(76.3%) 
382 

(79.1%) 
129 

(88.4%) 
14 

(82.4%) 

552 (76.5%) 723 (79.6%) 

Conversa-
tions 

16 
(34.8%) 

63 
(47.7%) 

185 
(49.9%) 

86 
(52.4%) 

5 
(55.6%) 

13 
(38.2%) 

120 
(52.6%) 

255 
(52.8%) 

95 
(65.1%) 

11 
(64.7%) 

355 (49.2%) 494 (54.4%) 

Memos 
0 

(0.0%) 
1 

(0.8%) 
16 

(4.3%) 
11 

(6.7%) 
5 

(55.6%) 
1 

(2.9%) 
8 

(3.5%) 
17 

(3.5%) 
10 

(6.8%) 
4 

(23.5%) 

33 (4.6%) 40 (4.4%) 

Play videos 
23 

(50.0%) 
75 

(56.8%) 
206 

(55.5%) 
104 

(63.4%) 
8 

(88.9%) 
16 

(47.1%) 
145 

(63.6%) 
299 

(61.9%) 
104 

(71.2%) 
13 

(76.5%) 

416 (57.6%) 577 (63.5%) 

View spatial 
data 

13 
(28.3%) 

27 
(20.5%) 

93 
(25.1%) 

46 
(28.0%) 

2 
(22.2%) 

8 
(23.5%) 

70 
(30.7%) 

125 
(25.9%) 

43 
(29.5%) 

5 
(29.4%) 

181 (25.1%) 251 (27.6%) 

Spatial data 
analysis 

5 
(10.9%) 

8 
(6.1%) 

25 
(6.7%) 

20 
(12.2%) 

2 
(22.2%) 

1 
(2.9%) 

20 
(8.8%) 

52 
(10.8%) 

21 
(14.4%) 

5 
(29.4%) 

60 (8.3%) 99 (10.9%) 

I do not ana-
lyze 

7 
(15.2%) 

14 
(10.6%) 

35 
(9.4%) 

16 
(9.8%) 

0 
(0.0%) 

9 
(26.5%) 

18 
(7.9%) 

43 
(8.9%) 

9 
(6.2%) 

0 
(0.0%) 

72 (10.0%) 79 (8.7%) 

Other 

3 
(6.5%) 

5 
(3.8%) 

15 
(4.0%) 

7 
(4.3%) 

3 
(33.3%) 

0 
(0.0%) 

12 
(5.3%) 

20 
(4.1%) 

6 
(4.1%) 

0 
(0.0%) 

33 (4.6%) 38 (4.2%) 

Sum 
46 

(6.4%) 
132 

(18.3%) 
371 

(51.4%) 
164 

(22.7%) 
9 

(1.2%) 
34 

(3.7%) 
228 

(25.1%) 
483 

(53.2%) 
146 

(16.1%) 
17 

(1.9%) 

722 (29.4%) 908 (37.0%) 
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Figure 7. Box plot of the permutation importances for answers per game for ways of studying gameplay. 

 

   

Option 
PUBG (n = 311) Melee (n = 512) 

Sum 
1 2 3 4 5 1 2 3 4 5 

Thinking 

11 
(73.3%) 

34 
(73.9%) 

133 
(87.5%) 

62 
(80.5%) 

17 
(81.0%) 

34 
(64.2%) 

109 
(73.2%) 

195 
(83.3%) 

50 
(94.3%) 

23 
(100.0%) 1943 

(79.2%) 
257 (82.6%) 411 (80.3%) 

Conversations 

7 
(46.7%) 

22 
(47.8%) 

99 
(65.1%) 

51 
(66.2%) 

17 
(81.0%) 

17 
(32.1%) 

82 
(55.0%) 

126 
(53.8%) 

38 
(71.7%) 

19 
(82.6%) 1327 

(54.1%) 
196 (63.0%) 282 (55.1%) 

Memos 

1 
(6.7%) 

2 
(4.3%) 

3 
(2.0%) 

2 
(2.6%) 

4 
(19.0%) 

4 
(7.5%) 

14 
(9.4%) 

28 
(12.0%) 

10 
(18.9%) 

9 
(39.1%) 150 

(6.1%) 
12 (3.9%) 65 (12.7%) 

Play videos 

4 
(26.7%) 

23 
(50.0%) 

84 
(55.3%) 

54 
(70.1%) 

18 
(85.7%) 

34 
(64.2%) 

94 
(63.1%) 

157 
(67.1%) 

42 
(79.2%) 

22 
(95.7%) 1525 

(62.2%) 
183 (58.8%) 349 (68.2%) 

View spatial 
data 

2 
(13.3%) 

10 
(21.7%) 

46 
(30.3%) 

27 
(35.1%) 

13 
(61.9%) 

10 
(18.9%) 

35 
(23.5%) 

60 
(25.6%) 

17 
(32.1%) 

11 
(47.8%) 663 

(27.0%) 
98 (31.5%) 133 (26.0%) 

Spatial data 
analysis 

1 
(6.7%) 

0 
(0.0%) 

12 
(7.9%) 

9 
(11.7%) 

6 
(28.6%) 

3 
(5.7%) 

7 
(4.7%) 

15 
(6.4%) 

5 
(9.4%) 

7 
(30.4%) 224 

(9.1%) 
28 (9.0%) 37 (7.2%) 

I do not ana-
lyze 

3 
(20.0%) 

8 
(17.4%) 

8 
(5.3%) 

4 
(5.2%) 

1 
(4.8%) 

12 
(22.6%) 

23 
(15.4%) 

24 
(10.3%) 

1 
(1.9%) 

0 (0.0%) 235 
(9.6%) 

24 (7.7%) 60 (11.7%) 

Other 

0 
(0.0%) 

3 
(6.5%) 

6 
(3.9%) 

3 
(3.9%) 

1 
(4.8%) 

2 
(3.8%) 

3 
(2.0%) 

14 
(6.0%) 

1 
(1.9%) 

0 (0.0%) 104 
(4.2%) 

13 (4.2%) 20 (3.9%) 

Sum 

15 
(4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 
(6.8%) 

53 
(10.4%) 

149 
(29.1%) 

234 
(45.7%) 

53 
(10.4%) 

23 
(4.5%) 2453 

311 (12.7%) 512 (20.9%) 
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Table 22. CS:GO results of ordinal logistic regression ways of analyzing spatial aspects of gameplay. Re-

sults are calculated for the probability of each option not having been chosen, so estimates are reversed 

when interpreting for an option having been chosen. 

 

For Dota 2, significant results appeared in “thinking about gameplay” and 

“Doing statistical spatial data analysis of gameplay”. “Thinking” has a negative 

estimate meaning higher skill levels have chosen the option more frequently than lower 

skill level players. Doing spatial data analysis is also more frequent in the higher skill 

levels. Additionally, having conversations is a more frequent way of analyzing 

gameplay at higher skill levels, and viewing spatial data is less frequent. 

For PlayerUnknown’s Battlegrounds, conversations and reviewing play videos 

have significant coefficients (Table 25). Similar to Dota 2, conversations are 

proportionally more frequent at higher skill levels. Reviewing play videos is also more 

frequent at higher skill levels. Doing spatial data analysis and viewing spatial data have 

significances under 0.1, and are also more frequent at higher skill levels. 

Melee has significant results for “thinking about gameplay”, with the option 

being more frequent at higher skill levels (Table 26). “Conversations”, “memos” and 

“doing spatial data analysis” are more frequent in the higher skill levels. When viewing 

the lower and upper bounds of each games results, it is apparent that the option “I do 

not analyze” has skill-based differences. When viewing the answer counts in Table 21, 

Counter-Strike: Global Offensive results      

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 

95% Confidence Interval  
Lower 
Bound 

Upper Bound 
 

Threshold 

Skill = 1 -4.409 0.546 65.140 <0.001 -5.480 -3.338  
Skill = 2 -2.829 0.530 28.453 <0.001 -3.868 -1.789  
Skill = 3 -0.510 0.521 0.959 0.327 -1.531 0.511  
Skill = 4 2.765 0.597 21.469 <0.001 1.595 3.935  

Location 

Thinking 0.087 0.193 0.203 0.652 -0.292 0.467  
Conversations -0.130 0.150 0.752 0.386 -0.424 0.164  

Memos -1.417 0.356 15.817 <0.001 -2.115 -0.718  
Play videos -0.187 0.156 1.428 0.232 -0.494 0.120  

View spatial data 0.066 0.176 0.140 0.708 -0.279 0.411  
Spatial data analysis -0.303 0.274 1.223 0.269 -0.840 0.234  

I do not analyze 0.026 0.302 0.007 0.931 -0.566 0.618  
Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 360.841 0.000 0.000 <0.001 Pearson 186.561 165.000 0.120 

Final 337.202 23.640 7.000 0.001 Deviance 163.780 165.000 0.512 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.032   

Null Hypothesis 337.202       Nagelkerke 0.035   
General 310.018 27.184 21.000 0.165 McFadden 0.013   

a. Link function: Logit.     
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Table 23. Perfect separations in the question 8 data. AllNone 

means if all or none of the respondents chose the option. 

it became apparent that the option causes perfect separation. For individual logistic 

regressions, all of the variables that caused perfect separations were dropped for the 

splits where the separation occurred. The variables can be seen in Table 23. Individual 

logistic regressions were conducted to be able to confirm the relationships between skill 

levels and answers. 

 

 

Game Skill level Option AllNone 

CS:GO Novice Memos None 

CS:GO Expert I do not analyze None 

Dota 2 Novice Other None 

Dota 2 Expert I do not analyze None 

Dota 2 Expert Other None 

PUBG Novice Other None 

PUBG Adv. Beginner Spatial data analysis None 

Melee Expert Thinking All 

Melee Expert I do not analyze None 

Melee Expert Other None 

 

Table 24. Dota 2 results of ordinal logistic regression ways of analyzing spatial aspects of gameplay. Re-

sults are calculated for the probability of each option not having been chosen, so estimates are reversed 

when interpreting for an option having been chosen. 

Dota 2 results        

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound 
 

Threshold 

Skill = 1 -4.516 0.488 85.774 <0.001 -5.472 -3.560  
Skill = 2 -2.151 0.459 21.956 <0.001 -3.051 -1.252  
Skill = 3 0.325 0.452 0.517 0.472 -0.561 1.212  
Skill = 4 2.796 0.502 30.977 <0.001 1.811 3.780  

Location 

Thinking -0.368 0.176 4.324 0.038 -0.715 -0.021  
Conversations -0.248 0.134 3.414 0.065 -0.511 0.015  

Memos -0.705 0.316 4.981 0.026 -1.324 -0.086  
Play videos -0.192 0.145 1.743 0.187 -0.476 0.093  

View spatial data 0.290 0.154 3.533 0.060 -0.012 0.592  
Spatial data analysis -0.535 0.218 6.030 0.014 -0.963 -0.108  

I do not analyze -0.024 0.276 0.007 0.932 -0.564 0.517  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 384.902 0.000 0.000 <0.001 Pearson 165.524 181.000 0.789 

Final 357.291 27.610 7.000 <0.001 Deviance 156.213 181.000 0.909 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.030   

Null Hypothesis 357.291       Nagelkerke 0.033   
General 328,000b 29,291c 21.000 0.107 McFadden 0.013   

a. Link function: Logit.         
b. Maximum number of iterations were exceeded, and the log-likelihood value and/or 
the parameter estimates cannot converge. 

    
c. The Chi-Square statistic is computed based on the log-likelihood value of the last 
iteration of the general model. Validity of the test is uncertain. 
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Table 25. PUBG results of ordinal logistic regression ways of analyzing spatial aspects of gameplay. Re-

sults are calculated for the probability of each option not having been chosen, so estimates are reversed 

when interpreting for an option having been chosen. 

PlayerUnknown's Battlegrounds results 
   

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 

95% Confidence Inter-
val 

 

Lower 
Bound 

Upper 
Bound 

 

Threshold 

Skill = 1 -4.085 0.792 26.620 <0.001 -5.637 -2.533  

Skill = 2 -2.448 0.763 10.293 0.001 -3.943 -0.952  

Skill = 3 -0.094 0.754 0.016 0.900 -1.572 1.383  

Skill = 4 1.868 0.762 6.012 0.014 0.375 3.361  

Location 

Thinking 0.329 0.331 0.987 0.320 -0.320 0.980  

Conversations -0.467 0.236 3.927 0.048 -0.930 -0.005  

Memos -0.362 0.576 0.395 0.530 -1.491 0.767  

Play videos -0.577 0.239 5.854 0.016 -1.045 -0.110  

View spatial data -0.415 0.250 2.763 0.096 -0.905 0.074  

Spatial data analysis -0.718 0.406 3.131 0.077 -1.514 0.077  

I do not analyze 0.771 0.488 2.495 0.114 -0.186 1.729  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 266.922 0.000 0.000 <0.001 Pearson 215.545 125.000 <0.001 

Final 233.346 33.576 7.000 <0.001 Deviance 123.089 125.000 0.532 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.102   

Null Hypothesis 233.346       Nagelkerke 0.110   
General 208,443b 24,903c 21.000 0.251 McFadden 0.041   

a. Link function: Logit.             
b. The log-likelihood value cannot be further increased after maximum number of step-halving. 

  
c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general model. Validity 
of the test is uncertain. 

  

 

The most significant result gained from doing separate logistic regressions is 

arguable that the option “I do not analyze” indeed is significantly less frequent in the 

higher skill levels in all games. In addition to that, the trends for conversations, doing 

memos, and doing spatial data analysis are also the same in all games, being positive 

but weak in all games. The highest importance values are for conversations, play videos 

and viewing spatial data. The precise importance measures can be seen in Appendix 7. 

CS:GO having a seemingly strong negative coefficients in the “doing spatial data 

analysis” and “conversations” options for the last split is an artifact or an error. 

When running the logistic regression, the model had trouble converging. In 

Table 21, the proportion of the option chosen does rise with all skill levels, most notably 

from proficient to expert. The cross-validation method of boosting also found the data 
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analysis variable the least significant when predicting. In addition, while statistically 

insignificant, the ordinal logistic regression found a negative coefficient for the variable, 

meaning that higher skill levels would choose the option more often. After these 

reviews it seems that the individual logistic regression result for spatial data analysis is 

the outlier as it contradicts with the rest. As for conversations, the data suggests that the 

result might be wrong. However, the ordinal logistic regression had a high p-value for 

the variable, which is in line with this result. 

 

Table 26. Melee results of ordinal logistic regression ways of analyzing spatial aspects of gameplay. Re-

sults are calculated for the probability of each option not having been chosen, so estimates are reversed 

when interpreting for an option having been chosen. 

Super Smash Bros. Melee results 
       

Parameter Estimates Estimate 
Std. Er-

ror 
Wald p-value 

95% Confidence Interval  
Lower Bound Upper Bound  

Threshold 

Skill = 1 -3.843 0.565 46.245 <0.001 -4.951 -2.736  
Skill = 2 -2.038 0.549 13.764 <0.001 -3.114 -0.961  
Skill = 3 0.259 0.538 0.231 0.631 -0.796 1.314  
Skill = 4 1.616 0.559 8.351 0.004 0.520 2.712  

Location 

Thinking -0.855 0.265 10.397 0.001 -1.374 -0.335  
Conversations -0.333 0.182 3.361 0.067 -0.689 0.023  

Memos -0.510 0.262 3.803 0.051 -1.023 0.003  
Play videos -0.106 0.209 0.257 0.612 -0.515 0.303  

View spatial data -0.146 0.204 0.511 0.475 -0.545 0.254  
Spatial data analysis -0.671 0.342 3.858 0.050 -1.341 -0.001  

I do not analyze -0.037 0.364 0.010 0.919 -0.750 0.676  
Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 351.584 0.000 0.000 <0.001 Pearson 171.513 161.000 0.271 

Final 307.760 43.824 7.000 <0.001 Deviance 154.755 161.000 0.624 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.082   

Null Hypothesis 307.760       Nagelkerke 0.088   
General 275.734 32.026 21.000 0.058 McFadden 0.032   

a. Link function: Logit.           

 

The biggest differences are in “gather and view spatial data” and “thinking about 

gameplay”. For thinking, Melee seems to differ from the rest, as it has a positive 

coefficient and all expert players had chosen the option, suggesting positive growth in 

proportion with skill level rise. For the last split where it was dropped for logistic 

regression, thinking has a fairly high importance value in the gradient boosting 

classifier. For all other games, the coefficients for thinking are negative. For viewing 

spatial data, the answer rates seem to become lower as skill level rises, except for 

PUBG. 
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These results with their inconsistencies do seem to align with the results of the 

ordinal logistic regressions, as the most problematic results came from variables with 

high p-values in the ordinal regression model. In addition, the coefficients in the ordinal 

regression and separate logistic regression results were very weak, which also aligns 

with the small explanatory power demonstrated by the Pseudo R-Squared tests. The 

gradient boosting models also had quite low prediction accuracies and significances for 

variables. The fact that skill-based differences are quite small indicates that analysis of 

spatial aspects of gameplay is still an under explored field, which does align with the 

existing literature. 

Overall, it seems that memos and spatial data analysis are more frequently used 

by experts than novices as methods of analyzing spatial aspects of gameplay in all 

games. For PUBG, gathering and viewing spatial data and reviewing play videos is a 

method used more frequently by higher skill-level players, but the same does not hold 

for other games. This may indicate that the idea of analyzing spatial aspects of 

gameplay by reviewing data is not as familiar of a concept for players in the other 

games. This is somewhat supported by the fact that Dota 2 and Melee players use 

thinking as a way of analysis in the higher levels of skill. This does not mean that 

CS:GO and PUBG experts do not think, but rather that it is not a prevalent way of doing 

analysis. Finally, it is exceedingly rare that highest level players do not analyze the 

spatial aspects of their gameplay at all. 
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Figure 8. Composite plots of the significant logistic regression coefficients of ways of analyzing spatial aspects of 

gameplay, weighted with permutation importances in a random forest classifier. In the scatter plot, x-axis represents 

consecutive skill levels and y-axis represents the coefficient value. Each game is represented with a different color. 

The size of the dot is based on permutation importance. The tables are provided to help understanding shows the exact 

values of significant coefficients and the color is weighted with permutation importance, the brighter the color, the 

higher the permutation importance value. Red colors stand for negative coefficients and green colors stand for posi-

tive coefficients. 

Permutation importance 
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5.1.7 Ways of analyzing spatial aspects of in-game elements 

The most popular option for ways in which players analyze the spatial aspects of the 

game was “studying the game from videos” (Table 27). The next most popular answer 

was “thinking about the game”. Similarly to the answers in question 8, these options are 

low-effort ways of doing analysis, but they do not shut out the possibility of combining 

them with other methods. The least answered options were “other” and “I do not 

analyze”. The gradient boosting classifier results show low prediction accuracy and low 

importance measures for all predictors (Figure 9). This indicates that the results are 

similar across games. Highest importance score is for “Studying the game from forum 

posts, written guides or fanpages”. PUBG has the lowest rate of answers for the option, 

while Dota 2 has the highest. All the other importances are nearly 0 or below 0, 

indicating similar ways of analyzing spatial aspects of a game, regardless of the game. 

 

 

 

Table 27. Ways of analyzing spatial aspects of in-game elements. The options are shortened versions of 

the actual answer options. Skill levels are 1 = Novice, 2 = Advanced beginner, 3 = Competent, 4 = Profi-

cient, 5 = Expert 

Option 
CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

Thinking 

32 
(69.6%) 

78 
(59.1%) 

250 
(67.4%) 

107 
(65.2%) 

4 
(44.4%) 

19 
(55.9%) 

160 
(70.2%) 

354 
(73.3%) 

112 
(76.7%) 

14 
(82.4%) 

471 (65.2%) 659 (72.6%) 

In-game 
28 

(60.9%) 
71 

(53.8%) 
224 

(60.4%) 
118 

(72.0%) 
8 

(88.9%) 
13 

(38.2%) 
133 

(58.3%) 
317 

(65.6%) 
100 

(68.5%) 
16 

(94.1%) 

449 (62.2%) 579 (63.8%) 

Game videos 

30 
(65.2%) 

94 
(71.2%) 

273 
(73.6%) 

117 
(71.3%) 

6 
(66.7%) 

24 
(70.6%) 

173 
(75.9%) 

376 
(77.8%) 

103 
(70.5%) 

9 
(52.9%) 

520 (72.0%) 685 (75.4%) 

Text guides 
19 

(41.3%) 
65 

(49.2%) 
159 

(42.9%) 
60 

(36.6%) 
2 

(22.2%) 
15 

(44.1%) 
144 

(63.2%) 
281 

(58.2%) 
74 

(50.7%) 
5 

(29.4%) 

305 (42.2%) 519 (57.2%) 

Spatial data 
analysis 

4 
(8.7%) 

8 
(6.1%) 

25 
(6.7%) 

16 
(9.8%) 

4 
(44.4%) 

1 
(2.9%) 

25 
(11.0%) 

53 
(11.0%) 

24 
(16.4%) 

8 
(47.1%) 

57 (7.9%) 111 (12.2%) 

I do not ana-
lyze 

7 
(15.2%) 

12 
(9.1%) 

34 
(9.2%) 

12 
(7.3%) 

0 
(0.0%) 

6 
(17.6%) 

11 
(4.8%) 

29 
(6.0%) 

5 
(3.4%) 

0 
(0.0%) 

65 (9.0%) 51 (5.6%) 

Other 

0 
(0.0%) 

2 
(1.5%) 

10 
(2.7%) 

7 
(4.3%) 

2 
(22.2%) 

0 
(0.0%) 

6 
(2.6%) 

12 
(2.5%) 

10 
(6.8%) 

1 
(5.9%) 

21 (2.9%) 29 (3.2%) 

Sum 
46 

(6.4%) 
132 

(18.3%) 
371 

(51.4%) 
164 

(22.7%) 
9 

(1.2%) 
34 

(3.7%) 
228 

(25.1%) 
483 

(53.2%) 
146 

(16.1%) 
17 

(1.9%) 

722 (29.4%) 908 (37.0%) 
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Figure 9. Box plot of the permutation importances for answers per game for 

ways of studying spatial aspects of a game. 

 

Option 
PUBG (n = 311) Melee (n = 512) 

Sum 

1 2 3 4 5 1 2 3 4 5 

Thinking 

10 
(66.7%) 

29 
(63.0%) 

115 
(75.7%) 

55 
(71.4%) 

17 
(81.0%) 

28 
(52.8%) 

104 
(69.8%) 

180 
(76.9%) 

38 
(71.7%) 

22 
(95.7%) 1728 

(70.4%) 
226 (72.7%) 372 (72.7%) 

In-game 

6 
(40.0%) 

22 
(47.8%) 

95 
(62.5%) 

57 
(74.0%) 

15 
(71.4%) 

23 
(43.4%) 

73 
(49.0%) 

130 
(55.6%) 

42 
(79.2%) 

16 
(69.6%) 1507 

(61.4%) 
195 (62.7%) 284 (55.5%) 

Game 
videos 

8 
(53.3%) 

25 
(54.3%) 

109 
(71.7%) 

53 
(68.8%) 

14 
(66.7%) 

33 
(62.3%) 

102 
(68.5%) 

181 
(77.4%) 

41 
(77.4%) 

20 
(87.0%) 1791 

(73.0%) 
209 (67.2%) 377 (73.6%) 

Text 
guides 

5 
(33.3%) 

17 
(37.0%) 

51 
(33.6%) 

20 
(26.0%) 

5 
(23.8%) 

25 
(47.2%) 

88 
(59.1%) 

127 
(54.3%) 

27 
(50.9%) 

17 
(73.9%) 1206 

(49.2%) 
98 (31.5%) 284 (55.5%) 

Spatial 
data 

analysis 

1 
(6.7%) 

2 
(4.3%) 

16 
(10.5%) 

15 
(19.5%) 

9 
(42.9%) 

3 
(5.7%) 

7 
(4.7%) 

20 
(8.5%) 

7 
(13.2%) 

8 
(34.8%) 256 

(10.4%) 
43 (13.8%) 45 (8.8%) 

I do not 
analyze 

3 
(20.0%) 

8 
(17.4%) 

7 
(4.6%) 

3 
(3.9%) 

1 
(4.8%) 

11 
(20.8%) 

24 
(16.1%) 

18 
(7.7%) 

2 
(3.8%) 

0 
(0.0%) 193 

(7.9%) 
22 (7.1%) 55 (10.7%) 

Other 

0 
(0.0%) 

2 
(4.3%) 

5 
(3.3%) 

4 
(5.2%) 

0 
(0.0%) 

2 
(3.8%) 

3 
(2.0%) 

5 
(2.1%) 

0 
(0.0%) 

0 
(0.0%) 71 

(2.9%) 
11 (3.5%) 10 (2.0%) 

Sum 

15 
(4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 
(6.8%) 

53 
(10.4%) 

149 
(29.1%) 

234 
(45.7%) 

53 
(10.4%) 

23 
(4.5%) 2453 

311 (12.7%) 512 (20.9%) 
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When looking at Table 27, the biggest differences for skill appear to be on the 

options “thinking about the game”, “studying aspects of the game inside the game”, 

“Doing data analysis”, and “I do not analyze”. For ordinal logistic regression, all games 

have significant results, and fulfill the proportional odds assumption, as can be seen in 

tables Table 28 - Table 31. The Pseudo R-Square results are low however, indicating 

that the differences in answers do not explain the variation in skill level very well. 

Before looking at the results of ordinal regressions, it should be noted that perfect 

separation existed for the “I do not analyze” option for expert skill level in CS:GO, 

Dota 2 and Melee, with none of the respondents having chosen the option. 

 

 

Table 28. CS:GO results of ordinal logistic regression ways of analyzing spatial aspects of a game. Re-

sults are calculated for the probability of each option not having been chosen, so estimates are reversed 

when interpreting for an option having been chosen. 

Counter-Strike: Global Offensive results 
       

Parameter Estimates Estimate 
Std. Er-

ror 
Wald p-value 

95% Confidence Interval  
Lower Bound Upper Bound  

Threshold 

Skill = 1 -2.813 0.458 37.657 <0.001 -3.712 -1.915  

Skill = 2 -1.230 0.441 7.783 0.005 -2.094 -0.366  

Skill = 3 1.095 0.440 6.187 0.013 0.232 1.959  

Skill = 4 4.346 0.545 63.474 <0.001 3.277 5.415  

Location 

Thinking 0.0833 0.161 0.267 0.605 -0.232 0.399  

In-game -0.477 0.162 8.675 0.003 -0.794 -0.160  

Game videos 0.057 0.187 0.092 0.762 -0.310 0.424  

Text guides 0.398 0.152 6.887 0.009 0.101 0.696  

Spatial data analysis -0.449 0.265 2.883 0.090 -0.968 0.069  

I do not analyze 0.270 0.313 0.744 0.388 -0.343 0.883  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 326.722 0.000 0.000 <0.001 Pearson 146.021 126.000 0.107 

Final 305.939 20.783 6.000 0.002 Deviance 129.434 126.000 0.399 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.028   

Null Hypothesis 305.939       Nagelkerke 0.031   
General 299,905b 6,034c 18.000 0.996 McFadden 0.012   

a. Link function: Logit. 
    

b. The log-likelihood value cannot be further increased after maximum number of step-
halving.     
c. The Chi-Square statistic is computed based on the log-likelihood value of the last itera-
tion of the general model. Validity of the test is uncertain. 
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Table 29. Dota 2 results of ordinal logistic regression ways of analyzing spatial aspects of a game. Results 

are calculated for the probability of each option not having been chosen, so estimates are reversed when 

interpreting for an option having been chosen. 

Dota 2 results 
       

Parameter Estimates Estimate 
Std. Er-

ror 
Wald p-value 

95% Confidence Interval  
Lower Bound Upper Bound  

Threshold 

Skill = 1 -3.429 0.424 65.350 <0.001 -4.260 -2.598  
Skill = 2 -1.054 0.393 7.187 0.007 -1.824 -0.283  
Skill = 3 1.441 0.395 13.321 <0.001 0.667 2.215  
Skill = 4 3.918 0.456 73.957 <0.001 3.025 4.811  

Location 

Thinking -0.238 0.15 2.503 0.114 -0.532 0.057  
In-game -0.516 0.141 13.326 <0.001 -0.793 -0.239  

Game videos 0.272 0.167 2.665 0.103 -0.055 0.599  
Text guides 0.428 0.141 9.255 0.002 0.152 0.703  

Spatial data analysis -0.576 0.197 8.559 0.003 -0.962 -0.190  
I do not analyze 0.418 0.320 1.709 0.191 -0.209 1.044  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 363.659 0.000 0.000 <0.001 Pearson 129.045 134.000 0.605 

Final 325.115 38.544 6.000 <0.001 Deviance 122.608 134.000 0.750 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.042   

Null Hypothesis 325.115       Nagelkerke 0.046   
General 308,640b 16,474c 18.000 0.559 McFadden 0.018   

a. Link function: Logit.   
b. The log-likelihood value cannot be further increased after maximum number of step-halving.   
c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general model. Validity of 
the test is uncertain.   

 

Table 30. PUBG results of ordinal logistic regression ways of analyzing spatial aspects of a game. Results 

are calculated for the probability of each option not having been chosen, so estimates are reversed when 

interpreting for an option having been chosen. 

PlayerUnknown's Battlegrounds results        

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval 

 

Lower Bound Upper Bound 
 

Threshold 

Skill = 1 -3.019 0.658 21.073 <0.001 -4.309 -1.730  
Skill = 2 -1.371 0.628 4.771 0.029 -2.602 -0.141  
Skill = 3 1.015 0.630 2.596 0.107 -0.220 2.249  
Skill = 4 2.982 0.649 21.085 <0.001 1.709 4.255  

Location 

Thinking 0.008 0.258 0.001 0.974 -0.497 0.514  
In-game -0.595 0.241 6.093 0.014 -1.067 -0.122  

Game videos -0.092 0.253 0.132 0.716 -0.588 0.404  
Text guides 0.658 0.245 7.185 0.007 0.177 1.139  

Spatial data analysis -1.192 0.318 14.037 <0.001 -1.816 -0.569  
I do not analyze 1.064 0.491 4.703 0.030 0.102 2.025  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 248.011 0.000 0.000 <0.001 Pearson 109.552 110.000 0.494 

Final 210.886 37.125 6.000 <0.001 Deviance 85.681 110.000 0.958 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood Chi-Square df p-value 
Cox and 

Snell 
0.113 

  
Null Hypothesis 210.886       Nagelkerke 0.121   

General 202.261 8.625 18.000 0.968 McFadden 0.046   
a. Link function: Logit.           
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Table 31. Melee results of ordinal logistic regression ways of analyzing spatial aspects of a game. Results 

are calculated for the probability of each option not having been chosen, so estimates are reversed when 

interpreting for an option having been chosen. 

Super Smash Bros. Melee results 
       

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval 

 

Lower Bound Upper Bound 
 

Threshold 

Skill = 1 -2.612 0.493 28.023 <0.001 -3.578 -1.645  
Skill = 2 -0.809 0.483 2.802 0.094 -1.756 0.138  

Skill = 3 1.480 0.482 9.427 0.002 0.535 2.426  

Skill = 4 2.826 0.508 30.906 <0.001 1.830 3.823  

Location 

Thinking -0.232 0.215 1.157 0.282 -0.653 0.190  
In-game -0.346 0.186 3.460 0.063 -0.711 0.019  

Game videos -0.171 0.228 0.558 0.455 -0.618 0.277  
Text guides 0.362 0.186 3.776 0.052 -0.003 0.727  

Spatial data analysis -0.980 0.305 10.315 0.001 -1.577 -0.382  

I do not analyze 0.732 0.358 4.174 0.041 0.030 1.434  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 300.775 0.000 0.000 <0.001 Pearson 114.009 102.000 0.196 

Final 263.307 37.469 6.000 <0.001 Deviance 103.086 102.000 0.451 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.071   

Null Hypothesis 263.307       Nagelkerke 0.076   
General 240.104 23.203 18.000 0.183 McFadden 0.028   

a. Link function: Logit.           

 

The option “thinking about the game” did not have a significant result for any of 

the games. This is also indicated in the individual logistic regression results: the 

coefficients are weak and undulate above and below the 0 level. “Studying the game 

from videos” also did not have a significant estimate in any game. “Studying aspects of 

the game inside the game” had a significant result in CS:GO, Dota 2 and PUBG, with 

Melee having a p-value of 0.063. The estimate indicates higher answer rates at higher 

skill levels for all of the games. The importance measures are also fairly high for the 

option as it has a value over 0.1 in six of the 16 classifiers, as can be seen in Figure 10. 

The precise importance measures can be seen in Appendix 8. 

“Studying the game from forum posts, written guides or fanpages” had a 

significant result in CS:GO, Dota 2 and PUBG. In all games, the estimate values are 

positive, implying that higher level players rely less on written guides by other players. 

For Melee the proportions of answers show that expert players have the highest ratio of 

choosing the option, which is contrary to other games. Also, Melee proficient players 

have chosen the answer second least, which may explain the higher p-value. 
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“Doing data analysis” has a significant result in Dota 2, PUBG and Melee. The 

estimates are negative for all games, with especially strong coefficients in Melee and 

PUBG, indicating that analyzing the aspects of the game itself using data analysis may 

improve skill level. As noted in the beginning, all but PUBG had perfect separation in 

the expert skill level for the option “I do not analyze”. For PUBG, the option has a 

significant and strong positive coefficient, indicating that higher skill level players are 

sure to analyze the spatial aspects of the game, while lower skill level players are not. 

All games had extremely similar results skill-wise (Figure 10). Analyzing spatial 

aspects of the game using in-game tools and spatial data analysis is more frequent in 

higher skill levels than lower. Using written guides as a way of analysis is more 

Figure 10. Composite plots of the significant logistic regression coefficients of ways of analyzing spatial aspects of a game, 

weighted with permutation importances in a random forest classifier. In the scatter plot, x-axis represents consecutive skill 

levels and y-axis represents the coefficient value. The tables are provided to help understanding shows the exact values of 

significant coefficients and the color is weighted with permutation importance, the brighter the color, the higher the permu-

tation importance value. Red colors stand for negative coefficients and green colors stand for positive coefficients. 

Permutation importance 



 

85 

 

common in the lower skill levels, and not analyzing at all becomes rarer as players skill 

level increases. Still, thinking about the game and watching game videos are common 

ways of doing analysis at all levels. This indicates that the way spatial analysis is done 

is not dependent on the type of the game. 

5.1.8 Frequency of spatial analysis 

The frequency of spatial analysis appears to be nearly normally distributed among the 

five likert-scale items. “I never do analysis” and “I do analysis regularly and 

systematically” have the least answers(Table 32). The most answers are in the option “I 

do analysis in specific occasions”. All in all, the answers are a bit more skewed toward 

the higher end of the options.  

Table 32. Frequency of analyzing spatial aspects of gameplay. The options are shortened versions of the 

actual answer options. Skill levels are 1 = Novice, 2 = Advanced beginner, 3 = Competent, 4 = Proficient, 

5 = Expert. 

Option 
CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

Never 
6 (13.0%) 10 (7.6%) 19 (5.1%) 9 (5.5%) 0 (0.0%) 6 (17.6%) 12 (5.3%) 12 (2.5%) 3 (2.1%) 0 (0.0%) 

44 (6.1%) 33 (3.6%) 

Almost 
never 

10 (21.7%) 28 (21.2%) 66 (17.8%) 22 (13.4%) 0 (0.0%) 
10 

(29.4%) 
45 (19.7%) 66 (13.7%) 16 (11.0%) 1 (5.9%) 

126 (17.5%) 138 (15.2%) 

Specific 
occa-
sions 

20 (43.5%) 65 (49.2%) 213 (57.4%) 87 (53.0%) 2 (22.2%) 
10 

(29.4%) 
99 (43.4%) 250 (51.8%) 70 (47.9%) 5 (29.4%) 

387 (53.6%) 434 (47.8%) 

Often 
9 (19.6%) 24 (18.2%) 64 (17.3%) 37 (22.6%) 2 (22.2%) 5 (14.7%) 61 (26.8%) 128 (26.5%) 43 (29.5%) 5 (29.4%) 

136 (18.8%) 242 (26.7%) 

System-
atically 

1 (2.2%) 5 (3.8%) 9 (2.4%) 9 (5.5%) 5 (55.6%) 3 (8.8%) 11 (4.8%) 27 (5.6%) 14 (9.6%) 6 (35.3%) 

29 (4.0%) 61 (6.7%) 

Sum 
46 (6.4%) 

132 
(18.3%) 

371 (51.4%) 164 (22.7%) 9 (1.2%) 34 (3.7%) 
228 

(25.1%) 
483 (53.2%) 146 (16.1%) 17 (1.9%) 

722 (29.4%) 908 (37.0%) 

   

Option 
PUBG (n = 311) Melee (n = 512) 

Sum 
1 2 3 4 5 1 2 3 4 5 

Never 
4 (26.7%) 5 (10.9%) 4 (2.6%) 2 (2.6%) 1 (4.8%) 13 (24.5%) 15 (10.1%) 9 (3.8%) 1 (1.9%) 0 (0.0%) 131 

(5.3%) 
16 (5.1%) 38 (7.4%) 

Almost never 
5 (33.3%) 12 (26.1%) 26 (17.1%) 7 (9.1%) 0 (0.0%) 10 (18.9%) 37 (24.8%) 52 (22.2%) 11 (20.8%) 2 (8.7%) 426 

(17.4%) 
50 (16.1%) 112 (21.9%) 

Specific occasions 
5 (33.3%) 19 (41.3%) 68 (44.7%) 29 (37.7%) 2 (9.5%) 23 (43.4%) 74 (49.7%) 136 (58.1%) 23 (43.4%) 

10 
(43.5%) 

1210 
(49.3%) 

123 (39.5%) 266 (52.0%) 

Often 
0 (0.0%) 9 (19.6%) 41 (27.0%) 23 (29.9%) 8 (38.1%) 7 (13.2%) 18 (12.1%) 29 (12.4%) 15 (28.3%) 8 (34.8%) 536 

(21.9%) 81 (26.0%) 77 (15.0%) 

Systematically 
1 (6.7%) 1 (2.2%) 13 (8.6%) 16 (20.8%) 10 (47.6%) 0 (0.0%) 5 (3.4%) 8 (3.4%) 3 (5.7%) 3 (13.0%) 150 

(6.1%) 41 (13.2%) 19 (3.7%) 

Sum 
15 (4.8%) 46 (14.8%) 152 (48.9%) 77 (24.8%) 21 (6.8%) 53 (10.4%) 149 (29.1%) 234 (45.7%) 53 (10.4%) 23 (4.5%) 

2453 
311 (12.7%) 512 (20.9%) 
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The game-wise results are very similar. The answers for CS:GO are very evenly 

distributed. Answers for Dota 2 and PUBG are more skewed towards the higher end of 

the options, with PUBG having overall the highest proportional amount of answers in 

the option “I do analysis regularly and systematically”. The distribution of answers for 

Melee is slightly skewed towards the lower frequencies of analysis. Skill-wise results 

are also quite similar among games: lower skill levels are not eager to analyze spatial 

aspects systematically, whereas proficient and expert players are (tables 33-36). It also 

appears that high-level Melee players are less eager to analyze their gameplay 

systematically when compared to the players of the other three games. This indicates 

that indeed frequency of doing analysis is connected to the skill level. 

Table 33. CS:GO results of ordinal logistic regression for frequency of analysis. Results are calculated for 

the probability of each option not having been chosen, so estimates are reversed when interpreting for an 

option having been chosen. 

Counter-Strike: Global Offensive results 
       

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound  

Threshold 

Skill = 1 -3.863 0.386 100.138 <0.001 -4.620 -3.107  

Skill = 2 -2.283 0.364 39.445 <0.001 -2.996 -1.571  
Skill = 3 0.021 0.353 0.003 0.954 -0.672 0.713  
Skill = 4 3.273 0.468 48.931 <0.001 2.356 4.190  

Location 

Never -1.639 0.455 12.966 <0.001 -2.530 -0.747  

Almost never -1.479 0.394 14.107 <0.001 -2.250 -0.707  

Specific occasions -1.106 0.367 9.066 0.003 -1.826 -0.386  

Often -1.011 0.389 6.744 0.009 -1.774 -0.248  
Systematically 0a 0 0 <0.001 0.000 0.000  

  a. This parameter is set to zero because it is redundant.  
Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 110.630 0.000 0.000 <0.001 Pearson 28.850 12.000 0.004 

Final 94.685 15.945 4.000 0.003 Deviance 22.599 12.000 0.031 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.022   

Null Hypothesis 94.685       Nagelkerke 0.024   
General 21,060b 73,625c 12.000 <0.001 McFadden 0.009   

a. Link function: Logit.            
b. The log-likelihood value cannot be further increased after maximum number of step-halving.    
c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general 
model. Validity of the test is uncertain.    
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Table 34. Dota 2 results of ordinal logistic regression for frequency of analysis. Results are calculated for 

the probability of each option not having been chosen, so estimates are reversed when interpreting for an 

option having been chosen. 

Dota 2 results 
       

Parameter Estimates Estimate 
Std. Er-

ror 
Wald p-value 

95% Confidence Interval  

Lower Bound Upper Bound  

Threshold 

Skill = 1 -3.982 0.301 175.338 <0.001 -4.571 -3.393  
Skill = 2 -1.592 0.252 39.822 <0.001 -2.087 -1.098  
Skill = 3 0.883 0.247 12.760 <0.001 0.399 1.367  
Skill = 4 3.339 0.334 100.021 <0.001 2.685 3.994  

Location 

Never -1.907 0.413 21.314 <0.001 -2.717 -1.098  
Almost never -1.182 0.296 15.985 <0.001 -1.761 -0.602  

Specific occasions -0.573 0.262 4.775 0.029 -1.086 -0.059  
Often -0.559 0.274 4.142 0.042 -1.097 -0.021  

Systematically 0a 0 0 <0.001 0.000 0.000  
  a. This parameter is set to zero because it is redundant.  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 126.970 0.000 0.000 <0.001 Pearson 21.566 12.000 0.043 

Final 96.142 30.829 4.000 <0.001 Deviance 18.402 12.000 0.104 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.033   

Null Hypothesis 96.142       Nagelkerke 0.037   
General 77.740 18.402 12.000 0.104 McFadden 0.014   

a. Link function: Logit.           

Table 35. PUBG results of ordinal logistic regression for frequency of analysis. Results are calculated for 

the probability of each option not having been chosen, so estimates are reversed when interpreting for an 

option having been chosen. 

PlayerUnknown's Battlegrounds results 
    

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval 

 

Lower Bound Upper Bound 
 

Threshold 

Skill = 1 -4.807 0.417 133.070 <0.001 -5.624 -3.991  
Skill = 2 -3.127 0.344 82.509 <0.001 -3.802 -2.453  
Skill = 3 -0.680 0.302 5.055 0.025 -1.272 -0.087  
Skill = 4 1.349 0.322 17.507 <0.001 0.717 1.981  

Location 

Never -3.279 0.572 32.846 <0.001 -4.400 -2.158  
Almost never -2.499 0.419 35.589 <0.001 -3.319 -1.678  

Specific occasions -1.765 0.352 25.135 <0.001 -2.454 -1.075  
Often -1.091 0.363 9.022 0.003 -1.804 -0.379  

Systematically 0a 0 0 <0.001 0.000 0.000  
  a. This parameter is set to zero because it is redundant.  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 129.264 0.000 0.000 <0.001 Pearson 16.179 12.000 0.183 

Final 76.895 52.369 4.000 <0.001 Deviance 16.480 12.000 0.170 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.155   

Null Hypothesis 76.895       Nagelkerke 0.167   
General 3,622b 73,273c 12.000 <0.001 McFadden 0.064   

a. Link function: Logit.             
b. The log-likelihood value cannot be further increased after maximum number of step-halving.   
c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general model. Validity 
of the test is uncertain.   
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Table 36. Melee results of ordinal logistic regression for frequency of analysis. Results are calculated for 

the probability of each option not having been chosen, so estimates are reversed when interpreting for an 

option having been chosen. 

Super Smash Bros. Melee results 
       

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound  

Threshold 

Skill = 1 -3.205 0.456 49.334 <0.001 -4.100 -2.311  
Skill = 2 -1.379 0.436 9.979 0.002 -2.234 -0.523  
Skill = 3 0.881 0.433 4.147 0.042 0.033 1.729  
Skill = 4 2.218 0.462 23.017 <0.001 1.312 3.125  

Location 

Never -2.498 0.534 21.900 <0.001 -3.544 -1.452  
Almost never -1.060 0.466 5.163 0.023 -1.973 -0.146  

Specific occasions -0.890 0.446 3.974 0.046 -1.764 -0.015  
Often -0.342 0.480 0.508 0.476 -1.282 0.598  

Systematically 0a 0 0 <0.001 0.000 0.000  
  a. This parameter is set to zero because it is redundant.  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 121.332 0.000 0.000 <0.001 Pearson 13.625 12.000 0.325 

Final 83.974 37.358 4.000 <0.001 Deviance 14.447 12.000 0.273 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.070   

Null Hypothesis 83.974       Nagelkerke 0.076   
General 69.527 14.447 12.000 0.273 McFadden 0.028   

a. Link function: Logit.           

The results for individual binary logistic regressions are also similar: they have 

positive but fairly weak coefficients at each split, except for CS:GO having one nan 

value (Figure 11). The importance measures are the highest at the extreme ends 1 vs 2-5 

and 1-4 vs 5. This tells that the novice group and expert group are particularly 

distinctive with their gameplay spatial analysis patterns. Therefore it is safe to assume 

that even the estimates for CS:GO and PUBG are valid results despite proportional odds 

assumption not being met. 

Overall, players in all games do analysis mostly in situations where something 

specifically interesting spatial interaction has occurred. This becomes more frequent 

with higher skill level players, and less frequent for lower skill level players. However, 

Melee players tend to not be as prone to analyzing spatial aspects of gameplay 

systematically even at the highest levels of gameplay as in the other games. It may also 

indicate that the way Melee players perceived the question was different to the players 

in other games. 
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5.1.9 Tools used for spatial analysis 

The most popular tools in the survey were “in-game tools” (Table 37). The next most 

popular answer was “video tools”. The least answered options were “other” and 

“literary / text editing software” . The low number of answers in “other” indicate that 

the options given were sufficient.  

Figure 11. Composite plot of the significant logistic regression coefficients of spatial analysis frequency, 

weighted with permutation importances in a random forest classifier. In the scatter plot, x-axis represents 

consecutive skill levels and y-axis represents the coefficient value. The table is provided to help under-

standing. It shows the exact values of significant coefficients and the color is weighted with permutation 

importance, the brighter the color, the higher the permutation importance value. Red colors stand for 

negative coefficients and green colors stand for positive coefficients. 

Permutation importance 
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Table 37. Frequency of analyzing spatial aspects of gameplay. The options are shortened versions of the 

actual answer options. Skill levels are 1 = Novice, 2 = Advanced beginner, 3 = Competent, 4 = Proficient, 

5 = Expert. 

Option 
CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

In-game tools 
29 (63.0%) 95 (72.0%) 279 (75.2%) 130 (79.3%) 7 (77.8%) 18 (52.9%) 161 (70.6%) 357 (73.9%) 118 (80.8%) 14 (82.4%) 

540 (74.8%) 668 (73.6%) 

Video tools 
22 (47.8%) 61 (46.2%) 197 (53.1%) 101 (61.6%) 7 (77.8%) 10 (29.4%) 104 (45.6%) 231 (47.8%) 70 (47.9%) 3 (17.6%) 

388 (53.7%) 418 (46.0%) 

Text tools 
2 (4.3%) 8 (6.1%) 30 (8.1%) 23 (14.0%) 3 (33.3%) 1 (2.9%) 14 (6.1%) 36 (7.5%) 19 (13.0%) 2 (11.8%) 

66 (9.1%) 72 (7.9%) 

Mods 
1 (2.2%) 20 (15.2%) 52 (14.0%) 26 (15.9%) 2 (22.2%) 0 (0.0%) 8 (3.5%) 26 (5.4%) 9 (6.2%) 2 (11.8%) 

101 (14.0%) 45 (5.0%) 

Data visuali-
zation tools 

10 (21.7%) 25 (18.9%) 77 (20.8%) 46 (28.0%) 4 (44.4%) 5 (14.7%) 37 (16.2%) 96 (19.9%) 28 (19.2%) 6 (35.3%) 

162 (22.4%) 172 (18.9%) 

Data analysis 
tools 

6 (13.0%) 11 (8.3%) 54 (14.6%) 31 (18.9%) 5 (55.6%) 2 (5.9%) 28 (12.3%) 81 (16.8%) 29 (19.9%) 7 (41.2%) 

107 (14.8%) 147 (16.2%) 

None 
9 (19.6%) 22 (16.7%) 59 (15.9%) 17 (10.4%) 0 (0.0%) 13 (38.2%) 47 (20.6%) 68 (14.1%) 21 (14.4%) 1 (5.9%) 

107 (14.8%) 150 (16.5%) 

Other 
1 (2.2%) 3 (2.3%) 11 (3.0%) 3 (1.8%) 1 (11.1%) 0 (0.0%) 1 (0.4%) 9 (1.9%) 2 (1.4%) 1 (5.9%) 

19 (2.6%) 13 (1.4%) 

Sum 
46 (6.4%) 132 (18.3%) 371 (51.4%) 164 (22.7%) 9 (1.2%) 34 (3.7%) 228 (25.1%) 483 (53.2%) 146 (16.1%) 17 (1.9%) 

722 (29.4%) 908 (37.0%) 

 
 

 
 

Option 
PUBG (n = 311) Melee (n = 512) 

Sum 
1 2 3 4 5 1 2 3 4 5 

In-game tools 
2 (13.3%) 26 (56.5%) 100 (65.8%) 58 (75.3%) 19 (90.5%) 26 (49.1%) 67 (45.0%) 122 (52.1%) 37 (69.8%) 16 (69.6%) 1681 

(68.5%) 205 (65.9%) 268 (52.3%) 

Video tools 
4 (26.7%) 19 (41.3%) 72 (47.4%) 41 (53.2%) 14 (66.7%) 27 (50.9%) 82 (55.0%) 138 (59.0%) 29 (54.7%) 19 (82.6%) 1251 

(51.0%) 150 (48.2%) 295 (57.6%) 

Text tools 
0 (0.0%) 1 (2.2%) 6 (3.9%) 1 (1.3%) 4 (19.0%) 0 (0.0%) 16 (10.7%) 27 (11.5%) 7 (13.2%) 10 (43.5%) 210 

(8.6%) 12 (3.9%) 60 (11.7%) 

Mods 
0 (0.0%) 0 (0.0%) 5 (3.3%) 0 (0.0%) 4 (19.0%) 16 (30.2%) 76 (51.0%) 139 (59.4%) 38 (71.7%) 16 (69.6%) 440 

(17.9%) 
9 (2.9%) 285 (55.7%) 

Data visuali-
zation tools 

0 (0.0%) 7 (15.2%) 37 (24.3%) 22 (28.6%) 12 (57.1%) 15 (28.3%) 39 (26.2%) 75 (32.1%) 17 (32.1%) 10 (43.5%) 568 
(23.2%) 78 (25.1%) 156 (30.5%) 

Data analysis 
tools 

0 (0.0%) 5 (10.9%) 18 (11.8%) 15 (19.5%) 10 (47.6%) 2 (3.8%) 11 (7.4%) 26 (11.1%) 8 (15.1%) 7 (30.4%) 356 
(14.5%) 48 (15.4%) 54 (10.5%) 

None 
11 (73.3%) 13 (28.3%) 33 (21.7%) 11 (14.3%) 1 (4.8%) 14 (26.4%) 30 (20.1%) 36 (15.4%) 3 (5.7%) 2 (8.7%) 411 

(16.8%) 
69 (22.2%) 85 (16.6%) 

Other 
1 (6.7%) 2 (4.3%) 8 (5.3%) 5 (6.5%) 2 (9.5%) 1 (1.9%) 6 (4.0%) 8 (3.4%) 1 (1.9%) 2 (8.7%) 68 

(2.8%) 
18 (5.8%) 18 (3.5%) 

Sum 
15 (4.8%) 46 (14.8%) 152 (48.9%) 77 (24.8%) 21 (6.8%) 53 (10.4%) 149 (29.1%) 234 (45.7%) 53 (10.4%) 23 (4.5%) 

2453 
311 (12.7%) 512 (20.9%) 
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Figure 12. Box plot of the permutation importances for answers per game for tools used for spatial analysis. 

 

Table 38. Perfect separations at each skill level and game for question 11 answers. AllNone indicates 

whether all or none of the respondents had chosen the option. 

 

 

 

 

 

 

 

 

 

 

 

 

 

The prediction accuracy of gradient boosting model was quite low, only 45% 

(Figure 12) and importance measures were low for almost all predictors. The precise 

importance measures can be seen in Appendix 9. “Mods” was found to be the most 

important variable. CS:GO, Dota 2 and PUBG have low answer rates for the option but 

for Melee it is higher. The next most important variable was “in-game tools”, but with a 

much lower score. All the other importances are nearly 0 or below 0, indicating similar 

tools used for spatial analysis, regardless of the game. 

 

 

Game Skill level Option AllNone 

CS:GO Expert None None 

Dota 2 Novice Mods None 

Dota 2 Novice Other None 

PUBG Novice Text tools None 

PUBG Novice Mods None 

PUBG Novice Data visualization tools None 

PUBG Novice Data analysis tools None 

PUBG Adv. beginner Mods None 

PUBG Proficient Mods None 

Melee Novice Text tools None 
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Table 39 . CS:GO results of ordinal logistic regression for tools used for spatial analysis. Results are cal-

culated for the prob-ability of each option not having been chosen, so estimates are reversed when inter-

preting for an option having been chosen. 

Counter-Strike: Global Offensive results 
       

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound  

Threshold 

Skill = 1 -4.403 0.526 69.980 <0.001 -5.434 -3.371  

Skill = 2 -2.814 0.509 30.615 <0.001 -3.810 -1.817  

Skill = 3 -0.478 0.496 0.927 0.336 -1.451 0.495  

Skill = 4 2.780 0.584 22.650 <0.001 1.635 3.925  

Location 

In-game tools -0.277   0.228   1.476   0.224 -0.723 0.170  

Video tools -0.339   0.160   4.497   0.034 -0.653 -0.026  

Text tools -0.650   0.251   6.700   0.010 -1.141 -0.158  

Mods -0.181   0.207   0.767   0.381 -0.586 0.224  

Data visualization tools 0.003 0.203 0.000 0.987 -0.394 0.400  

Data analysis tools -0.573 0.236 5.895 0.015 -1.036 -0.110  

None -0.238 0.306 0.609 0.435 -0.837 0.361  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df 
p-

value 

Intercept Only 360.761 0.000 0.000 <0.001 Pearson 223.237 177.000 0.011 

Final 334.065 26.696 7.000 <0.001 Deviance 155.370 177.000 0.878 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.036   

Null Hypothesis 334.065       Nagelkerke 0.040   

General 312.710 21.355 21.000 0.437 McFadden 0.015   

a. Link function: Logit.           

 

Table 40. Dota 2 results of ordinal logistic regression for tools used for spatial analysis. Results are calcu-

lated for the prob-ability of each option not having been chosen, so estimates are reversed when interpret-

ing for an option having been chosen. 

Dota 2 results 
       

Parameter Estimates Estimate 
Std. Er-

ror 
Wald p-value 

95% Confidence Interval  

Lower Bound Upper Bound  

Threshold 

Skill = 1 -3.954 0.509 60.282 <0.001 -4.952 -2.956  
Skill = 2 -1.587 0.484 10.758 0.001 -2.535 -0.639  
Skill = 3 0.882 0.481 3.367 0.067 -0.060 1.824  
Skill = 4 3.340 0.530 39.782 <0.001 2.302 4.378  

Location 

In-game tools -0.199 0.214 0.864 0.353 -0.617 0.220  
Video tools 0.121 0.143 0.711 0.399 -0.160 0.402  
Text tools -0.463 0.247 3.499 0.061 -0.947 0.022  

Mods -0.276 0.302 0.835 0.361 -0.867 0.316  
Data visualization tools 0.096 0.187 0.264 0.607 -0.270 0.462  

Data analysis tools -0.432 0.199 4.714 0.030 -0.821 -0.042  
None 0.350 0.276 1.613 0.204 -0.190 0.891  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 349.072 0.000 0.000 <0.001 Pearson 179.031 173.000 0.361 

Final 325.011 24.061 7.000 0.001 Deviance 166.120 173.000 0.633 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood Chi-Square df p-value 
Cox and 

Snell 
0.026 

  
Null Hypothesis 325.011       Nagelkerke 0.029   

General 294.069 30.942 21.000 0.075 McFadden 0.011   
a. Link function: Logit.           
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Table 41. PUBG results of ordinal logistic regression for tools used for spatial analysis. Results are calcu-

lated for the prob-ability of each option not having been chosen, so estimates are reversed when interpret-

ing for an option having been chosen 

PlayerUnknown's Battlegrounds results 
       

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound  

Threshold 

Skill = 1 -5.177 0.914 32.093 <0.001 -6.968 -3.386  
Skill = 2 -3.537 0.887 15.898 <0.001 -5.276 -1.799  
Skill = 3 -1.185 0.874 1.839 0.175 -2.898 0.528  
Skill = 4 0.790 0.868 0.830 0.362 -0.910 2.490  

Location 

In-game tools -0.732 0.319 5.263 0.022 -1.358 -0.107  
Video tools -0.142 0.253 0.315 0.574 -0.637 0.354  
Text tools -0.329 0.596 0.304 0.581 -1.496 0.839  

Mods -0.677 0.670 1.020 0.313 -1.991 0.637  
Data visualization tools -0.458 0.283 2.607 0.106 -1.013 0.098  

Data analysis tools -0.639 0.345 3.424 0.064 -1.316 0.038  
None 0.202 0.412 0.241 0.623 -0.605 1.010  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 220.731 0.000 0.000 <0.001 Pearson 85.676 105.000 0.916 

Final 183.334 37.398 7.000 <0.001 Deviance 91.278 105.000 0.828 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.113   

Null Hypothesis 183.334       Nagelkerke 0.122   
General 153,238b 30,096c 21.000 0.090 McFadden 0.046   

a. Link function: Logit.   
b. The log-likelihood value cannot be further increased after maximum number of step-halving.   
c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general model. Validity of the 
test is uncertain.   

Table 42. Melee results of ordinal logistic regression for tools used for spatial analysis. Results are calcu-

lated for the prob-ability of each option not having been chosen, so estimates are reversed when interpret-

ing for an option having been chosen. 

Super Smash Bros. Melee results 
       

Parameter Estimates Estimate Std. Error Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound  

Threshold 

Skill = 1 -3.675 0.502 53.509 <0.001 -4.660 -2.691  
Skill = 2 -1.883 0.485 15.057 <0.001 -2.835 -0.932  
Skill = 3 0.408 0.475 0.737 0.391 -0.523 1.339  
Skill = 4 1.765 0.499 12.488 <0.001 0.786 2.744  

Location 

In-game tools -0.366 0.185 3.926 0.048 -0.728 -0.004  
Video tools 0.115 0.199 0.331 0.565 -0.276 0.505  
Text tools -0.669 0.275 5.930 0.015 -1.208 -0.131  

Mods -0.597 0.196 9.235 0.002 -0.982 -0.212  
Data visualization tools 0.099 0.202 0.240 0.624 -0.297 0.495  

Data analysis tools -0.644 0.299 4.651 0.031 -1.229 -0.059  
None 0.078 0.310 0.063 0.802 -0.530 0.685  
Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 383.445 0.000 0.000 <0.001 Pearson 160.218 177.000 0.812 

Final 344.217 39.228 7.000 <0.001 Deviance 159.555 177.000 0.822 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.074   

Null Hypothesis 344.217       Nagelkerke 0.079   
General 318,706b 25,512c 21.000 0.226 McFadden 0.029   

a. Link function: Logit.   
b. The log-likelihood value cannot be further increased after maximum number of step-halving.   
c. Chi-Square statistic is based on the log-likelihood value of the last iteration of the general model. Validity of the test is uncertain.   
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Ordered logit results were significant for all games (tables 39-42). Goodness-of-

Fit-measures were also high, indicating that the proportional models did a better job 

than a dummy model. Also, all results met the assumption of proportional odds. Pseudo 

R-Squared Nagelkerke measure was 2.9% for Dota 2, 4.0% for CS:GO, 7.9% for Melee 

and 12.2% for PUBG. Again, the results are not highly indicative of skill level. Perfect 

separation existed for the “mods” option in Dota 2 and PUBG (Table 38). “Literary / 

text editing software” also seemed to be an unpopular option for novices in all games 

but Dota 2. Especially PUBG novice players did not use many analysis tools. For 

CS:GO, experts had not chosen the option “none” at all. 

“In-game tools” was a significant but weak negative estimate in PUBG and 

Melee, indicating that the use of in-game tools rises along skill level. The significance 

values for in-game tools were very high for PUBG at the first two splits, and quite high 

for Melee at the third split. “Video tools” was only significant for Counter-Strike: 

Global offensive answers. It had a weak negative coefficient, also indicating higher rate 

of use at higher skill levels. The individual logistic regressions show that for Dota 2, the 

use of video tools is a lot rarer at the expert level than the other levels (Figure 13). 

CS:GO and Melee had a significant estimate for “text tools”. Dota 2 had a p-value of 

0.061, and PUBG had perfect separation for all but proficient and expert levels, causing 

problems for the model. The coefficient was negative for all games, indicating that 

lower skill level players do not use text tools as much as higher skill players. The 

individual logistic regressions also reflect this result, with all games having positive 

coefficients at all splits, and especially strong coefficients at the first split. PUBG also 

had a positive coefficient at the last split. 

Use of modifications had a significant measure only for Melee, where the 

coefficient was weak but indicated more frequent usage at higher skill levels. The 

individual regression results indicate that modifications are especially rare at the novice 

level of CS:GO, and a bit more frequent at PUBG expert level than the other levels. 

Modifications being completely nonexistent for PUBG until the proficient level does 

tell that it might be an indicator of higher skill levels in reality. “Data visualization 

tools” did not have a significant result in any game. The individual regression results 

however show a positive but weak coefficient at three out of four splits for PUBG.  
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Figure 13. Composite plots of the significant logistic regression coefficients of tools used for analyzing 

spatial aspects of a game, weighted with permutation importances in a random forest classifier. In the 

scatter plot, x-axis represents consecutive skill levels and y-axis represents the coefficient value. The ta-

bles are provided to help understanding shows the exact values of significant coefficients and the color is 

weighted with permutation importance, the brighter the color, the higher the permutation importance 

value. Red colors stand for negative coefficients and green colors stand for positive coefficients.  

Permutation importance 
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For the other games, the coefficients are negative, with notably Melee having 

significant results for three out of four splits as can be seen in Figure 13. When looking 

at the data, the discrepancy appears to be caused by the fact that the proportional 

amounts are not far apart for each consecutive skill level. Use of data analysis tools was 

significant in all results but PUBG, where it had a significance of 0.061. PUBG also had 

perfect separation at the first split for the variable, with none of the novice players 

having chosen the option. The coefficient in the ordinal model is negative but weak, 

indicating slightly higher levels of usage at higher skill levels. The individual logistic 

regressions support this, resulting in especially strong coefficients in the lowest and 

highest splits, and largest significance measures in the highest split. This supports the 

results of ordinal logit model. Finally, the option “none” was not significant for any 

game in the ordinal regression. The separate logits show slight negative coefficients for 

all games at each split, with the last split having strong negative coefficients. CS:GO 

has a nan value because perfect separation occurred: none of the experts had chosen the 

option. This indicates that not using analysis tools is very rare at the highest level, as 

well as being more frequent in the lower skill levels. 

All games had fairly similar results in the skill-wise usage of analysis tools. The 

main difference overall was that PUBG has higher use of data visualization tools as skill 

level rises. Other differences were mainly related to individual skill levels, for example 

the popularity of video tools at expert level of Dota 2 being low. The biggest difference 

among all games was for the use of modifications. Apart from this the games are similar 

in their use of spatial analysis tools. 

5.1.10 Knowledge about spatial analysis methods 

The most familiar methods of doing spatial analysis were “heatmap”, “thematic map” 

and “point/ overlay map”. The least answered options were “other” “Spatial buffer 

analysis” and “network analysis” (Table 43). The low number of answers in “other” 

indicates that the options given were sufficient. “A fifth of the respondents were not 

familiar with any of the methods.  

Once again, the differences are very small overall between games (Figure 14). 

The biggest differences appear to be in the option “buffer analysis”, where Melee has a 

slightly higher answer rate. Besides this, the differences are not big. However, when 
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looking at the game-specific distributions, there are some other differences. Notably, 

“heatmap” has a higher answer rate for PUBG than for Melee.  

When looking at the data visualizations, the biggest skill-wise differences appear 

to be in the options “thematic map”, “overlay map”, “cluster analysis”, and “none”. For 

PUBG and Melee, half of novice players have answered that they are not familiar with 

any of the techniques. For Melee and CS:GO advanced beginners, a little less have 

selected “none”.  

All games except PUBG had significant results in the ordinal regression model 

(tables 44-46). Conversely, all results had high p-values for goodness-of-fit statistics 

and test of parallel lines, even PUBG. When looking at the individual logistic regression 

results for PUBG, the results bounce over and under the 0-coefficient line for nearly all 

the variables were there were significant results. Therefore, it appears the connection of 

answers and PUBG may not be linear. The variable “buffer analysis” featured perfect 

separation for CS:GO novice and expert, Dota 2 novice and PUBG novice skill levels, 

indicating a strong relationship with skill level. 

Table 43. Knowledge of methods for analyzing spatial aspects of gameplay. The options are shortened 

versions of the actual answer options. Skill levels are 1 = Novice, 2 = Advanced beginner, 3 = Competent, 

4 = Proficient, 5 = Expert. 

Option 
CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

Thematic map 
23 (50.0%) 67 (50.8%) 177 (47.7%) 86 (52.4%) 6 (66.7%) 13 (38.2%) 117 (51.3%) 211 (43.7%) 64 (43.8%) 11 (64.7%) 

359 (49.7%) 416 (45.8%) 

Overlay map 
23 (50.0%) 47 (35.6%) 164 (44.2%) 72 (43.9%) 8 (88.9%) 15 (44.1%) 110 (48.2%) 194 (40.2%) 62 (42.5%) 10 (58.8%) 

314 (43.5%) 391 (43.1%) 

Heatmap 
22 (47.8%) 61 (46.2%) 229 (61.7%) 107 (65.2%) 6 (66.7%) 11 (32.4%) 95 (41.7%) 243 (50.3%) 88 (60.3%) 12 (70.6%) 

425 (58.9%) 449 (49.4%) 

Cluster analy-
sis 

12 (26.1%) 31 (23.5%) 114 (30.7%) 59 (36.0%) 5 (55.6%) 4 (11.8%) 64 (28.1%) 143 (29.6%) 46 (31.5%) 9 (52.9%) 

221 (30.6%) 266 (29.3%) 

Surface analy-
sis 

8 (17.4%) 18 (13.6%) 58 (15.6%) 29 (17.7%) 1 (11.1%) 3 (8.8%) 48 (21.1%) 70 (14.5%) 24 (16.4%) 6 (35.3%) 

114 (15.8%) 151 (16.6%) 

Distance met-
rics 

11 (23.9%) 24 (18.2%) 57 (15.4%) 28 (17.1%) 3 (33.3%) 7 (20.6%) 34 (14.9%) 108 (22.4%) 29 (19.9%) 6 (35.3%) 

123 (17.0%) 184 (20.3%) 

Network anal-
ysis 

7 (15.2%) 8 (6.1%) 24 (6.5%) 13 (7.9%) 1 (11.1%) 1 (2.9%) 21 (9.2%) 47 (9.7%) 15 (10.3%) 2 (11.8%) 

53 (7.3%) 86 (9.5%) 

Buffer analy-
sis 

0 (0.0%) 3 (2.3%) 9 (2.4%) 5 (3.0%) 0 (0.0%) 0 (0.0%) 12 (5.3%) 17 (3.5%) 6 (4.1%) 2 (11.8%) 

17 (2.4%) 37 (4.1%) 

None 
6 (13.0%) 36 (27.3%) 63 (17.0%) 25 (15.2%) 1 (11.1%) 9 (26.5%) 53 (23.2%) 105 (21.7%) 29 (19.9%) 3 (17.6%) 

131 (18.1%) 199 (21.9%) 

Other 
0 (0.0%) 0 (0.0%) 6 (1.6%) 2 (1.2%) 2 (22.2%) 1 (2.9%) 4 (1.8%) 5 (1.0%) 4 (2.7%) 1 (5.9%) 

10 (1.4%) 15 (1.7%) 

Sum 
46 (6.4%) 132 (18.3%) 371 (51.4%) 164 (22.7%) 9 (1.2%) 34 (3.7%) 228 (25.1%) 483 (53.2%) 146 (16.1%) 17 (1.9%) 

722 (29.4%) 908 (37.0%) 



 

98 

 

   

Option 
PUBG (n = 311) Melee (n = 512) 

Sum 

1 2 3 4 5 1 2 3 4 5 

Thematic map 
6 (40.0%) 

17 
(37.0%) 

70 
(46.1%) 

40 
(51.9%) 

12 (57.1%) 14 (26.4%) 36 (24.2%) 63 (26.9%) 20 (37.7%) 13 (56.5%) 1066 
(43.5%) 

145 (46.6%) 146 (28.5%) 

Overlay map 
6 (40.0%) 

20 
(43.5%) 

63 
(41.4%) 

39 
(50.6%) 

13 (61.9%) 16 (30.2%) 34 (22.8%) 68 (29.1%) 17 (32.1%) 7 (30.4%) 988 
(40.3%) 

141 (45.3%) 142 (27.7%) 

Heatmap 
7 (46.7%) 

28 
(60.9%) 

104 
(68.4%) 

51 
(66.2%) 

17 (81.0%) 17 (32.1%) 68 (45.6%) 101 (43.2%) 29 (54.7%) 14 (60.9%) 1310 
(53.4%) 

207 (66.6%) 229 (44.7%) 

Cluster analysis 
4 (26.7%) 

13 
(28.3%) 

47 
(30.9%) 

32 
(41.6%) 

8 (38.1%) 11 (20.8%) 32 (21.5%) 45 (19.2%) 19 (35.8%) 9 (39.1%) 707 
(28.8%) 

104 (33.4%) 116 (22.7%) 

Surface analysis 
1 (6.7%) 

10 
(21.7%) 

23 
(15.1%) 

17 
(22.1%) 

5 (23.8%) 4 (7.5%) 15 (10.1%) 29 (12.4%) 7 (13.2%) 6 (26.1%) 382 
(15.6%) 

56 (18.0%) 61 (11.9%) 

Distance metrics 
4 (26.7%) 

13 
(28.3%) 

52 
(34.2%) 

25 
(32.5%) 

4 (19.0%) 8 (15.1%) 30 (20.1%) 61 (26.1%) 21 (39.6%) 4 (17.4%) 529 
(21.6%) 

98 (31.5%) 124 (24.2%) 

Network analysis 
2 (13.3%) 4 (8.7%) 

18 
(11.8%) 

10 
(13.0%) 

4 (19.0%) 4 (7.5%) 5 (3.4%) 10 (4.3%) 4 (7.5%) 4 (17.4%) 204 
(8.3%) 

38 (12.2%) 27 (5.3%) 

Buffer analysis 
0 (0.0%) 3 (6.5%) 4 (2.6%) 3 (3.9%) 1 (4.8%) 2 (3.8%) 13 (8.7%) 29 (12.4%) 5 (9.4%) 3 (13.0%) 117 

(4.8%) 
11 (3.5%) 52 (10.2%) 

None 
6 (40.0%) 

10 
(21.7%) 

23 
(15.1%) 

8 (10.4%) 2 (9.5%) 21 (39.6%) 51 (34.2%) 61 (26.1%) 11 (20.8%) 2 (8.7%) 525 
(21.4%) 

49 (15.8%) 146 (28.5%) 

Other 
1 (6.7%) 1 (2.2%) 2 (1.3%) 2 (2.6%) 0 (0.0%) 1 (1.9%) 4 (2.7%) 11 (4.7%) 1 (1.9%) 1 (4.3%) 

49 (2.0%) 

6 (1.9%) 18 (3.5%) 

Sum 
15 (4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 (6.8%) 53 (10.4%) 149 (29.1%) 234 (45.7%) 53 (10.4%) 23 (4.5%) 
2453 

311 (12.7%) 512 (20.9%) 

 

The only variable with significant results was “heatmaps”. It had a significant 

and weak negative result in CS:GO and Dota 2, suggesting higher level players are 

more familiar with heatmaps than lower level players. When looking at the individual 

logistic regressions, they support the results with the exception that there is a negative 

coefficient for the last split in CS:GO. The data visualizations show that CS:GO experts 

and proficient players have about the same rate of answering, which explains the 

discrepancy.  

The option “none” has similar results for all games in the individual logistic 

regressions. All games show a decreasing trend towards the higher skill levels for the 

option, suggesting that it is rare that high level players are not familiar with any spatial 
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Figure 14. Box plot of the permutation importances for answers per game for methods 

used for spatial analysis. 

 

analytical methods. The coefficients for the last split are especially strong and show 

high importance measures. 
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Table 44. CS:GO results of ordinal logistic regression for knowledge of methods of spatial analysis. Re-

sults are calculated for the probability of each option not having been chosen, so estimates are reversed 

when interpreting for an option having been chosen. 

Counter-Strike: Global Offensive results 
    

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound  

Threshold 

Skill = 1 -3.170 0.602 27.718 <0.001 -4.350 -1.990  
Skill = 2 -1.576 0.588 7.183 0.007 -2.728 -0.423  
Skill = 3 0.744 0.585 1.615 0.204 -0.403 1.891  
Skill = 4 3.974 0.668 35.452 <0.001 2.666 5.283  

Location 

Thematic map 0.083 0.162 0.261 0.610 -0.235 0.400  
Overlay map 0.002 0.161 0.000 0.990 -0.314 0.318  

Heatmap -0.484 0.175 7.645 0.006 -0.827 -0.141  
Cluster analysis -0.301 0.172 3.052 0.081 -0.638 0.037  
Surface analysis -0.026 0.212 0.015 0.901 -0.443 0.390  
Distance metrics 0.259 0.206 1.590 0.207 -0.144 0.663  
Network analysis 0.209 0.283 0.544 0.461 -0.346 0.763  
Buffer analysis -0.465 0.493 0.890 0.346 -1.430 0.501  

None -0.011 0.249 0.002 0.963 -0.499 0.476  
Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 575.749 0.000 0.000 <0.001 Pearson 516.359 367.000 <0.001 

Final 557.230 18.518 9.000 0.030 Deviance 330.568 367.000 0.914 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.025   

Null Hypothesis 557.230       Nagelkerke 0.028   
General 517,132b 40,098c 27.000 0.050 McFadden 0.011   

a. Link function: Logit.   
b. The log-likelihood value cannot be further increased after maximum number of step-halving.   
c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general model. Validity 
of the test is uncertain.   

 

Table 45. Dota 2 results of ordinal logistic regression for knowledge of methods of spatial analysis. Re-

sults are calculated for the probability of each option not having been chosen, so estimates are reversed 

when interpreting for an option having been chosen. 

Dota 2 results 
       

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound  

Threshold 

Skill = 1 -3.724 0.472 62.386 <0.001 -4.649 -2.800  
Skill = 2 -1.345 0.442 9.266 0.002 -2.211 -0.479  
Skill = 3 1.142 0.441 6.690 0.010 0.277 2.007  
Skill = 4 3.596 0.497 52.334 <0.001 2.622 4.570  

Location 

Thematic map 0.164 0.150 1.209 0.272 -0.129 0.458  
Overlay map 0.206 0.149 1.914 0.167 -0.086 0.499  

Heatmap -0.642 0.153 17.596 <0.001 -0.942 -0.342  
Cluster analysis -0.151 0.155 0.945 0.331 -0.456 0.154  
Surface analysis 0.225 0.186 1.461 0.227 -0.140 0.590  
Distance metrics -0.291 0.174 2.787 0.095 -0.632 0.051  
Network analysis -0.136 0.234 0.340 0.560 -0.595 0.322  
Buffer analysis 0.081 0.356 0.051 0.821 -0.618 0.779  

None -0.136 0.215 0.402 0.526 -0.556 0.284  
Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 689.898 0.000 0.000 <0.001 Pearson 583.711 459.000 <0.001 

Final 659.827 30.071 9.000 <0.001 Deviance 390.559 459.000 0.991 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.033   

Null Hypothesis 659.827       Nagelkerke 0.036   
General 621.520 38.308 27.000 0.073 McFadden 0.014   

a. Link function: Logit.           
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Table 46. Melee results of ordinal logistic regression for knowledge of methods of spatial analysis. Re-

sults are calculated for the probability of each option not having been chosen, so estimates are reversed 

when interpreting for an option having been chosen. 

Super Smash Bros. Melee results 
       

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound 
 

Threshold 

Skill = 1 -2.668 0.559 22.812 <0.001 -3.763 -1.573  
Skill = 2 -0.909 0.546 2.771 0.096 -1.980 0.161  
Skill = 3 1.319 0.547 5.807 0.016 0.246 2.391  
Skill = 4 2.646 0.572 21.402 <0.001 1.525 3.768  

Location 

Thematic map -0.324 0.210 2.387 0.122 -0.736 0.087  
Overlay map 0.209 0.215 0.942 0.332 -0.213 0.630  

Heatmap 0.009 0.206 0.002 0.964 -0.395 0.413  
Cluster analysis -0.082 0.229 0.128 0.721 -0.530 0.367  
Surface analysis -0.178 0.278 0.413 0.521 -0.722 0.366  
Distance metrics -0.275 0.216 1.626 0.202 -0.698 0.148  
Network analysis -0.157 0.407 0.150 0.699 -0.955 0.640  
Buffer analysis -0.111 0.294 0.144 0.705 -0.688 0.465  

None 0.409 0.248 2.737 0.098 -0.076 0.895  
Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 516.765 0.000 0.000 <0.001 Pearson 392.744 355.000 0.082 

Final 499.205 17.560 9.000 0.041 Deviance 319.733 355.000 0.911 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.034   

Null Hypothesis 499.205       Nagelkerke 0.036   
General 460,487b 38,717c 27.000 0.067 McFadden 0.013   

a. Link function: Logit.   
b. The log-likelihood value cannot be further increased after maximum number of step-halving.   
c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general model. Validity of 
the test is uncertain. 

  

 

 

The highest importance measures are in the “thematic maps” option in the last 

split for Dota 2, and “point / overlay maps” in the last split for CS:GO and Dota 2, 

indicating that these games’ experts especially are differentiated from other groups by 

their familiarity with map visualizations (Figure 15). The precise importance measures 

can be seen in Appendix 10. Melee contradicts this by having a strong significance 

measure and negative coefficient in the last two splits of “point / overlay maps”. When 

looking at the data visualizations, it seems it is caused by the fact that experts and 

proficient players are not too much above lower skill levels in their answer rates. 
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Figure 15. Composite plots of the significant logistic regression coefficients of methods of analyzing spatial aspects of 

a game, weighted with permutation importances in a random forest classifier. In the scatter plot, x-axis represents con-

secutive skill levels and y-axis represents the coefficient value. The tables are provided to help understanding shows 

the exact values of significant coefficients and the color is weighted with permutation importance, the brighter the 

color, the higher the permutation importance value. Red colors stand for negative coefficients and green colors stand 

for positive coefficients. 

Permutation importance 
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The skill-based differences were extremely small for all games in ordinal 

logistic regression results. It seems that in almost all cases, only experts stood out from 

the rest of the skill levels in one way or another in the separate logistic regressions. The 

major findings with this analysis were that heatmaps are the most familiar spatial data 

analysis technique for players, with the familiarity slightly rising with skill level. It is 

rare that higher level players are not familiar with any spatial data analysis techniques 

regardless of the game, but nearly a fifth of Dota 2 experts selected “none”. In addition, 

for some games up to 40% of novice players the given examples ring no bells. 

5.1.11 Hopes for improvements regarding spatial analysis 

Overall, players hoped for “Better tools for visualizing data” (Table 47). The next two 

most popular answer were “It's good as it is, no tools needed” and “Better tools for 

acquiring data”. The least answered options were “other”), “Better tools for capturing 

video” and “Better tools for data analysis”. Quite many of the people who answered 

“other”, hoped for many or all of the options as improvements. 

The game-wise results are very similar with each other. The gradient boosting 

model found the biggest difference in improvements regarding video tools (Appendix 

11). For CS:GO and PUBG, the answer rate for video tools was 9.3% and 10.7% 

respectively, but 3.2% for Dota 2 and 5.3% for Melee. Other results are almost identical 

in all games. When looking at Table 47, skill-wise effects appear to be the most 

prominent in options for visualization tools, data gathering tools and nothing. However, 

Melee seems to have almost no differences with skill level, and Dota 2 has differences 

mainly in the data analysis tools and nothing options. 
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Table 47. Hopes for improvements regarding spatial analysis. The options are shortened versions of the 

actual answer options. Skill levels are 1 = Novice, 2 = Advanced beginner, 3 = Competent, 4 = Proficient, 

5 = Expert. 

Option 
CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

Data tools 

11 
(23.9%) 

12 
(9.1%) 

63 
(17.0%) 

33 
(20.1%) 

1 
(11.1%) 

5 
(14.7%) 

41 
(18.0%) 

74 
(15.3%) 

21 
(14.4%) 

7 
(41.2%) 

120 (16.6%) 148 (16.3%) 

Visualization 
tools 

15 
(32.6%) 

53 
(40.2%) 

133 
(35.8%) 

57 
(34.8%) 

2 
(22.2%) 

13 
(38.2%) 

80 
(35.1%) 

187 
(38.7%) 

44 
(30.1%) 

6 
(35.3%) 

260 (36.0%) 330 (36.3%) 

Video tools 

2 
(4.3%) 

12 
(9.1%) 

42 
(11.3%) 

19 
(11.6%) 

2 
(22.2%) 

0 
(0.0%) 

12 
(5.3%) 

14 
(2.9%) 

3 
(2.1%) 

0 
(0.0%) 

77 (10.7%) 29 (3.2%) 

Data analysis 
tools 

4 
(8.7%) 

18 
(13.6%) 

61 
(16.4%) 

21 
(12.8%) 

3 
(33.3%) 

5 
(14.7%) 

46 
(20.2%) 

77 
(15.9%) 

28 
(19.2%) 

1 
(5.9%) 

107 (14.8%) 157 (17.3%) 

Nothing 

13 
(28.3%) 

28 
(21.2%) 

68 
(18.3%) 

32 
(19.5%) 

0 
(0.0%) 

10 
(29.4%) 

43 
(18.9%) 

123 
(25.5%) 

47 
(32.2%) 

2 
(11.8%) 

141 (19.5%) 225 (24.8%) 

Other 

1 
(2.2%) 

9 
(6.8%) 

4 
(1.1%) 

2 
(1.2%) 

1 
(11.1%) 

1 
(2.9%) 

6 
(2.6%) 

8 
(1.7%) 

3 
(2.1%) 

1 
(5.9%) 

17 (2.4%) 19 (2.1%) 

Sum 

46 
(6.4%) 

132 
(18.3%) 

371 
(51.4%) 

164 
(22.7%) 

9 
(1.2%) 

34 
(3.7%) 

228 
(25.1%) 

483 
(53.2%) 

146 
(16.1%) 

17 
(1.9%) 

722 (29.4%) 908 (37.0%) 

   

Option 
PUBG (n = 311) Melee (n = 512) 

Sum 
1 2 3 4 5 1 2 3 4 5 

Data tools 

1 
(6.7%) 

4 
(8.7%) 

28 
(18.4%) 

19 
(24.7%) 

5 
(23.8%) 

8 
(15.1%) 

20 
(13.4%) 

36 
(15.4%) 

9 
(17.0%) 

6 
(26.1%) 404 

(16.5%) 
57 (18.3%) 79 (15.4%) 

Visualization 
tools 

4 
(26.7%) 

20 
(43.5%) 

46 
(30.3%) 

20 
(26.0%) 

5 
(23.8%) 

22 
(41.5%) 

60 
(40.3%) 

88 
(37.6%) 

20 
(37.7%) 

9 
(39.1%) 884 

(36.0%) 
95 (30.5%) 199 (38.9%) 

Video tools 

1 
(6.7%) 

3 
(6.5%) 

14 
(9.2%) 

7 
(9.1%) 

4 
(19.0%) 

3 
(5.7%) 

6 
(4.0%) 

16 
(6.8%) 

2 
(3.8%) 

0 
(0.0%) 162 

(6.6%) 
29 (9.3%) 27 (5.3%) 

Data analysis 
tools 

2 
(13.3%) 

5 
(10.9%) 

21 
(13.8%) 

10 
(13.0%) 

3 
(14.3%) 

8 
(15.1%) 

30 
(20.1%) 

29 
(12.4%) 

10 
(18.9%) 

3 
(13.0%) 385 

(15.7%) 
41 (13.2%) 80 (15.6%) 

Nothing 

7 
(46.7%) 

11 
(23.9%) 

41 
(27.0%) 

18 
(23.4%) 

4 
(19.0%) 

10 
(18.9%) 

27 
(18.1%) 

58 
(24.8%) 

11 
(20.8%) 

5 
(21.7%) 558 

(22.7%) 
81 (26.0%) 111 (21.7%) 

Other 

0 
(0.0%) 

3 
(6.5%) 

2 
(1.3%) 

3 
(3.9%) 

0 
(0.0%) 

2 
(3.8%) 

6 
(4.0%) 

7 
(3.0%) 

1 
(1.9%) 

0 
(0.0%) 60 

(2.4%) 
8 (2.6%) 16 (3.1%) 

Sum 

15 
(4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 
(6.8%) 

53 
(10.4%) 

149 
(29.1%) 

234 
(45.7%) 

53 
(10.4%) 

23 
(4.5%) 2453 

311 (12.7%) 512 (20.9%) 
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In the ordinal logistic regression, none of the games have significant results at 

p>0.05 level. However, CS:GO and PUBG have significance values under 0.1. CS:GO 

has goodness-of-fit values less than 0.05 and does not meet the assumption of 

proportional odds. PUBG does meet all the assumptions. However, PUBG does not 

have any significant coefficients (Table 48). Rest of the ordinal regression results can be 

viewed in Appendix 11. 

Table 48. PUBG results of ordinal logistic regression of hopes for improvements regarding spatial analy-

sis. Results are calculated for the probability of each option not having been chosen, so estimates are re-

versed when interpreting for an option having been chosen. 

PlayerUnknown's Battlegrounds results 
    

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 

95% Confidence Interval 
 

Lower 
Bound 

Upper 
Bound  

Threshold 

Skill = 1 -4.750 2.731 3.025 0.082 -10.103 0.603  

Skill = 2 -3.161 2.721 1.350 0.245 -8.493 2.171  

Skill = 3 -0.923 2.714 0.116 0.734 -6.243 4.396  

Skill = 4 0.950 2.718 0.122 0.727 -4.378 6.278  

Location 

Data tools -0.840 0.708 1.407 0.236 -2.227 0.548  

Visualization tools -0.028 0.690 0.002 0.968 -1.380 1.324  

Video tools -0.699 0.748 0.874 0.350 -2.165 0.767  

Data analysis tools -0.372 0.724 0.264 0.608 -1.791 1.047  

Nothing -0.083 0.694 0.014 0.905 -1.444 1.278  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood 
Chi-

Square 
df p-value   Chi-Square df p-value 

Intercept Only 92.529 0.000 0.000 <0.001 Pearson 10.146 15.000 0.810 

Final 83.042 9.487 5.000 0.091 Deviance 10.542 15.000 0.784 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood 
Chi-

Square 
df p-value 

Cox and 
Snell 

0.030 
  

Null Hypothesis 83.042       Nagelkerke 0.032   
General 72.500 10.542 15.000 0.784 McFadden 0.012   

a. Link function: Logit.           

 

When looking at the results of the individual logistic regressions, it seems that 

almost no variable has a linear relationship with the skill level (Figure 16). The only one 

that is close to having a linear relationship is the option “nothing”, having a negative 

connection with skill level. This is true especially for PUBG. However, the significance 

measures are small. The significance measures are small also for all other options, with 

the highest ones being in visualization tools for CS:GO final split. All games have 

similarly nonexistent relationships between skill level and hopes for improvements in 

data analysis tools. Overall, players hope for tools for spatial data visualization, or are 
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content with the tools available. This indicates that user friendly tools that do not 

require lots of expertise would be welcome in all games. Additionally, players in all 

games might not know what kind of tools could be added in the game.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 16. Composite plots of the significant logistic regression coefficients of hopes for improvements regarding spatial 

analysis, weighted with permutation importances in a random forest classifier. In the scatter plot, x-axis represents con-

secutive skill levels and y-axis represents the coefficient value. The tables are provided to help understanding shows the 

exact values of significant coefficients and the color is weighted with permutation importance, the brighter the color, the 

higher the permutation importance value. Red colors stand for negative coefficients and green colors stand for positive 

coefficients. 

Permutation importance 
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Figure 17. A mind map about the CS:GO answers on the situations where spatial analysis has been or 

could be useful. 

5.1.12 Practical examples of usefulness of spatial analytics in gaming 

The answers about the situations on where spatial analytics is useful had similar topics 

in each game, such as analysis of position, movement, or ranges. Respondents in all 

games gave insight on how they have analyzed the game, as well as what kind of 

analysis or new tools could be especially beneficial in their own practice. However, the 

way the analysis could be useful varies between the games because of their differing 

game designs and objectives. 

The main topics that arose in the Counter-Strike: Global Offensive answers were 

related to movement, visibility, positioning, strategy, utility usage, and spatial 

visualizations (Figure 17). The players think that spatial analysis is beneficial when 

trying to find optimal paths. This could mean simply fastest pathable routes, safe routes 

depending on the enemy positions or easy-to-traverse routes that do not require high 

technical skill. Pathfinding algorithms could be further utilized to optimize rotations; 

the simultaneous movements of the whole team to the other side of the level to gain 

strategic advantage. In addition, visualizations could be beneficial when trying to learn 

tendencies in movement. This could mean looking at the movements of individual 

players at the micro level, or the team as a whole in the macro level. The information 

could be used to try to mimic a winning strategy, finding a counter strategy, learning 

bad habits in own gameplay, or finding options that were possible in situations in 

retrospect. A system for suggesting different strategies or movements was hoped to be 

added in the game. 
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Visibility was a theme that occurred in two different contexts: visibility of self to 

others and others to self. Players would like a simple-to-use spatial analysis tool for 

visibility, that could possibly feature options for standing or crouching at different 

places on the map. This kind of analysis would play a part in finding safe movement 

routes, as well as finding optimal positionings where a player would not be very visible 

to others but would still have sight on large areas on the map. A tool for this kind of 

analysis would be especially beneficial if it could be done both on the individual as well 

as team level. That way, visible angles on a player character could be covered by 

another player, making the combination effective. 

Spatial analysis is seen very beneficial when thinking about positioning in the 

game, but not just from the visibility point of view. It can also be used in finding 

unfamiliar positions for self in the form of movement maps or death maps. These kinds 

of aggregate visualizations could indicate the parts on a map where a player needs to 

practice more. The practice can be done in community-created custom levels where 

there are training dummies at the especially tough spots. These training maps have been 

created with the spatial analysis of positioning of high-level teams, but they could be 

further improved. High-level teams have practiced positioning formations to have 

optimal hold angles, which makes them interesting subjects for analysis. Holding an 

angle means the combination of positioning and gun pointing direction. For example, 

positioning self behind an impregnable object whilst looking over it at a door where the 

enemy is expected to enter from. It creates a dangerous situation for enemy and is a 

basic element of strategy.  

On the other hand, spatial analysis can find the worst spots on the map. This 

could be used as an advantage, as it is possible that the enemy might have to move 

through these spots. Identifying them would also help to avoid them. Additionally, 

expert players hoped for a tool that would show distance metrics between players or 

locations in replay demos. The demo system was also reported by proficient players to 

be problematic. One player answered: “csgo's biggest problem is it's old demo system, 

that lacks many much-needed features for advanced players.” 

The distance measure could be used for example when trying to figure out how 

to use grenades and other utility, an important strategic feature in CS:GO. They are used 

for blocking eyesight with smoke, blinding opponents temporarily with flashbangs or 
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Figure 18. A mind map about the Dota 2 answers on the situations where spatial analysis has been or 

could be useful. 

dealing damage and pressure to an invisible enemy hiding behind a corner where gun 

ammo cannot reach. Players hoped for a spatial analysis tool where the effect of smoke 

grenades could be viewed in detail. Area-based analysis of grenade effectiveness also 

helps to find places of improvement with utility. 

When looking at the code counts per skill level, it seems that novices and 

advanced beginners could see spatial analysis the most beneficial when analyzing 

visibility, positioning and utility usage. Mid-level players could find use cases in many 

different fields including strategy, movement and also saw the benefit of general spatial 

data visualizations. Expert players saw benefits in optimizing movement and 

positioning. 

Overall map visualizations were thought to be very useful for learning purposes 

and could benefit actual gameplay in many ways also. Players hoped for more detailed 

tools for pathfinding, visibility, and analysis of replays. Expert players especially 

thought learning about distances between players or objects is important and hoped for 

an analysis tool for distance measures. 

The main topics that arose in the Dota 2 answers were related to positioning, 

movement, spatial awareness and analysis, ability ranges, money and level farming, and 

visibility-enabling warding (Figure 18). 
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Spatial analysis was thought to be useful in the game overall, as it can shed light 

on the cause of wins in each battle. Dota 2 provides after-game tabulation of various 

data in the match, but better and more precise tools were hoped regarding spatial 

analytics. The objectives for advancing and winning in a match are spread throughout 

the game level, so analysis of locations is key to winning. All matches happening on the 

same playing field, detailed analysis was thought to be beneficial. Better tools for 

spatial analysis would help elevate the average skill level of all players, which in turn 

would benefit the whole community. 

The most common topics for spatial analysis were the tightly interwoven 

movement and positioning of player characters. Aggregate maps of character 

movements are especially beneficial when created specific to a role or hero as they have 

different playstyles and objectives. For example, for support characters detailed spatial 

analysis helps find optimal rotation locations and timings. Metrics for teleports and 

paths also enable quicker rotation between lanes, which can make or break the outcome 

of individual fights or strategies. For spirit heroes, spatial analysis enables efficient 

movement across the map using remnants as opposed to TP scrolls. This is also 

connected to farming of gold and levels, as some areas are more efficient at different 

times. Players hoped for a tool for analyzing patterns in farming to optimize them 

further. 

Mapping locations of teamfights helps understand the reason why they happen, 

especially when paired with temporal elements and information about match state. 

Analysis of movement helps finding optimal timings for aggressive team attacks. It 

would also be beneficial in learning the enemy strategy and creating a counter strategy. 

The level being covered in fog of war that blocks visibility far away from the character, 

predicting enemy movements is crucial, which is a perfect use case for spatial analysis. 

A minimap is present at all times in the game and it shows the locations of players in 

your viewable area. This is an important feature as it provides spatial awareness to 

players and its efficient usage is a crucial skill. 

The viewable area consists of the area near a player, and near the observer wards 

a player has placed. Observer wards are invisible to the enemy player. If an enemy 

enters these viewable areas, they appear on the minimap. Wards provide useful tactical 

information on the enemies intentions, and spatial analysis helps finding the optimal 
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times and places for wards. Analysis of pro players warding strategy is also efficient as 

a learning tool. It also helps creating an effective counter-strategy for dewarding or 

revealing and destroying invisible enemy wards with various skills. 

Using skills efficiently is also a major aspect of the game. One particular aspect 

is the range which the skills of a player can cover. Taking advantage of long-range 

skills is crucial and spatial analysis helps players with it. Expert players suggested that 

newer players often overlook the possibilities to kill at certain ranges. This was 

supported by the hope of having an efficient tool for ability range analysis. The addition 

of range indicator in the game had reportedly been a welcome quality-of-life 

improvement for all players. It draws a circle around a player that shows the area where 

the effect of an ability can reach, notably making efficient use of the item  Blink 

Dagger easier. 

Even though the usefulness of spatial analysis could be seen in various areas of 

the game in building strategy or learning the game, it did not go without criticism. Some 

respondents said that fancy tools cannot replace player skill: “No amount of 3rd party 

can make a person good, as shown by the fact cheaters get wrecked in high mmr cause 

they cannot control their characters.” Additionally, expert players were vocal about their 

opinion that rather than spatial analytics, general strategy may be less developed at the 

highest level of gameplay, for example drafting team composition and utilizing items 

and resources efficiently. 

Expert players saw the most benefit in analyzing movement and ranges but were 

slightly critical on the usefulness at the highest level along with proficient players. 

Proficient players had found spatial analysis useful in warding, movement, and 

positioning analysis. Competent and advanced beginner players had found benefits in a 

large variety of themes. Novice players found spatial analytics useful because they 

provide spatial awareness in-game, and enabled analysis of positions and movement. 

Players hoped for spatial analysis tools regarding farming patterns, positioning, and 

ability ranges, and said that more tools could help the community grow as a whole. 

The most common topics that came up in the answers for PlayerUnknown’s 

Battlegrounds were map knowledge, surface analysis, positioning, strategy, distance 

metrics, movement analysis, circle analysis and equipments (Figure 19). 
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Figure 19. A mind map about the PUBG answers on the situations where spatial analysis has been or could 

be useful.  

In PUBG, players are confined in a decreasing space with time, which forces 

encounters between players. The places where players start the game will affect the 

whole match for them, as bad positioning in early game will result in a quick defeat. 

Knowing the map and its different parts is crucial. Avoiding high-action and popular 

places in early game will result in players being able to gear up to survive the late game.  

 

 

 

 

 

 

 

 

 

 

Equipment appears with a random factor included. Certain areas have better 

weapons and armor than others and analyzing map visualizations of equipment 

spawning locations is useful knowledge for strategy. Good equipment locations come 

with a tradeoff: they are targeted by many others. There is a problem with human map 

knowledge, and one respondent shared his thoughts on it. “Knowing popular areas, 

knowing high loot areas, etc [is popular]. Over time, you acquire this game sense but it's 

subject to bias.” Analyzing maps of players and equipment helps in curbing own 

subjective bias. On the micro level, it is a useful skill to know places where you can 

hide behind rocks or trees or lay down in a ridge in an otherwise open field. 

Analysis of surface shapes can help find cover in a dangerous terrain. An expert 

player answered, “In Competitive PUBG, knowing all the tiny terrain pieces and ridges 

are really helpful especially when you're running out of options.” It can also help give 

advantage, as high ground is often the best position. Flanking up a hill is dangerous but 

can turn the tide of the match. At the moment evaluating its efficiency at given parts of 
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a game can be done only by having expert knowledge and understanding. PUBG 

players hoped for a tool for analyzing the effectiveness and risks of flanking. 

Getting higher ground means positional advantage. It is good not only for being 

able to attack opponents, but also for defense in a passive manner: it helps avoiding 

ambush. Players said that bad positioning simply leads to losing. It is considered a very 

important factor, and respondents hoped for a tool for making heatmaps of player 

positions. This could be used for studying enemy strategy and learn from own mistakes. 

Recognizing enemy positions and movements will help creating an effective counter-

strategy. In team-based matches it is sometimes better to split the team up to make a 

decoy attack or to cover more angles at an objective. 

A game of PUBG is very mobile, as the circles force players to move. Analyzing 

the terrain and areas helps finding fast and safe routes. In addition, since all players are 

forced inside the shrinking circle, planning movement is crucial. Simply seeing team 

movements on a map provides beneficial information. It is also important to predict 

where the circle might shrink next, as it will affect if a position is safe or not. 

In PUBG, only one team will prevail as the winner. For the rest of the team, 

replay tools provide valuable information on what went wrong in retrospect. Expert 

players said that they always do detailed spatial analysis after a surprising loss. 

However, some improvements for the replay functionality would be welcome. Players 

hoped for a tool that shows distance metrics in replays. In addition, players hoped for a 

tool that would shed light on the impact of range on fights. 

All skill levels of players thought surface and movement analysis is beneficial in 

PUBG. Novice players also found the replay functionality very useful. Mid-level 

players saw usefulness in analysis of positioning, strategy, and circle positions, and 

could see benefits with better distance metrics. High level players use spatial analysis in 

terms of map knowledge, strategy, and reported that doing spatial analysis is common, 

especially after a surprising loss. PUBG players hoped for tools for distance metrics in 

replays, general aggregate mapping tools, analyzing impact of range on fights and 

analyzing potential and risk factors of flanking. It was also noted that the value of 

objective analysis tools is that own subjective knowledge is prone to being biased. 
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Figure 20. A mind map about the Melee answers on the situations where spatial analysis has been or could 

be useful. 

The most common topics that came up in the answers for Super Smash Bros. 

Melee were range analysis, hitbox visualization, map visualization, replay analysis, 

rarity of analysis, positioning, and data (Figure 20). Answers related to spatial analysis 

of attack range were extremely common, indicating that it is an important factor. In 

Melee, there are multiple different situations where range analysis is beneficial. For 

example, when analyzing the threat range of the opponent at given times. Threat range 

can be determined for a still, moving, jumping, blocking or ledge hanging opponent. 

Many respondents were interested in matchup-specific safe attacking options. That kind 

of range analysis could tell what options are safe for self and the opponent, and what 

options are the best to use. 

 

 

 

 

 

 

 

 

 

 

 

A good tool for analyzing range was found to be attack hitbox visualizations. 

Players said they are the one of the most used way of spatial analysis in Melee and 

provide help with spacing. The respondents did however hope for better tools regarding 

hitboxes, for example better in-game tools and a tool for overlaying own and opponents 

attack options. Other types of visualization tools were hoped also. 

Melee players thought a tool for visualizing neutral losses, combo starts and 

killing blows could provide useful insight on own habits, strengths of characters and 
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tendencies of players. Some visualizations do exist, and they have helped identify 

matchup-specific danger zones. 

Knowing the matchup was said to be key to winning, and positioning self well 

against an opponent will give advantage. Analyzing how players position themselves on 

the stage is beneficial when learning about the neutral. Different locations on a stage 

also enable different movement options: on-stage is much freer than outside of stage or 

while hanging on a ledge. 

A common way of analyzing positioning and movement is watching replay 

videos. Nowadays, the frequently used Slippi modification provides replays along with 

other data. While the data can be acquired from Slippi, it is not fully utilized for spatial 

data analysis. In fact, just looking at the raw data is more frequently done. One example 

of how raw data is utilized, is players studying the distances of blast zones in each 

stage. Depending on the distance of the blast zones, killing percentages of moves vary 

with stage. 

Some other ways how Melee players found spatial analysis useful for them, was 

optimization of combos based on the directional influence of opponent and analyzing 

the options when recovering back to the safety of the stage after suffering a launching 

attack. Melee players however felt that spatial data analysis is not very common, as 

modifications are needed for acquiring data from the game in the first place. 

Melee players of all skill levels found range analysis with the aid of hitbox 

visualizations to be the most useful part of spatial analysis. They also thought that map 

visualizations provide useful matchup-specific information. Higher level players stood 

out with their answers on analyzing positioning based on matchup, as well as saying 

that spatial analysis is not very common. The reasoning they provided for this is that 

modifications are vital for doing detailed spatial analysis. Melee players hoped better 

tools for doing map visualizations of various themes, overlaying hitboxes, as well as in-

game tools for threat ranges. 

Players in all games found spatial analytics useful especially when used for 

themes like positioning, movement, and ranges. In all games, players were interested in 

analysis of effective ranges. Respondents in CS:GO and PUBG hoped for better tools 

for analyzing spatial aspects with replays, as well as visibility and positioning. Dota 2 
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Figure 21. Coded CS:GO player sentiment counts per skill level towards spatial visualizations. 

respondents hoped for better analysis tools for movement. Melee and PUBG 

respondents hoped for better tools for basic aggregate mapping. Finally, Melee 

respondents said that spatial analysis is not very common. Dota 2 high-level players 

said that analysis tools alone cannot make a player good and that instead of spatial 

aspects, general strategy may be more important and underdeveloped. On the other 

hand, PUBG experts said that after an unexpected loss, detailed spatial analysis is 

always done. 

5.1.13 Respondents thoughts on the spatial data visualizations 

In question 15, players were shown spatial data visualizations for their game of choice. 

While the results on the thoughts of players on spatial data visualizations had 

differences between games, they were mostly related to individual visualizations. 

Respondents in all games gave insight on what they saw in the pictures, how they could 

be used and in what situations, as well as how they could be improved. Overall, players 

did have a good grasp on the topic of spatial visualizations and reacted positively and 

constructively towards the visualizations. 

 

 

CS:GO players reacted quite positively to the movement aggregation map, but a 

bit more negatively towards the aim heatmap. Especially lower-level players found the 

visualizations more useful, but higher skilled players did not (Figure 21). Many novice 

answers provided analysis on what they saw in the pictures, accompanied with some 
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Figure 22. Coded Dota 2 player sentiment counts per skill level towards spatial visualizations. 

conclusions. For example, that since the heatmap shows people would aim for the head, 

it would not be useful to buy a helmet in the game. All skill levels above novice gave 

constructive feedback on the visualizations. Players thought the movement 

visualizations need more context information and filtering, and maybe a time slider. 

Competent players had mixed feelings on the movement map, as some thought it is not 

useful at all while some thought it could have a lot of uses. Proficient and expert players 

reacted negatively but constructively to the visualizations, saying that the aim heatmap 

is not useful at high level play unless specifically trying to practice mechanical aiming 

skills. The movement map was also not found useful by itself but could be useful with 

more context.  

Overall, it seemed lower-level players were a bit more confused about the 

visualizations but liked them. Higher level players were more critical and constructive, 

wishing for more specific data visualized. This might be a result of higher-level players 

having more experience and understanding of analysis and could compare the 

visualizations to ones they have used before. 

 

 

Dota 2 players reacted positively to both of the two visualizations, the early-

game encounter heatmap and pathable areas map. They also provided feedback on how 

they could be made more useful but did not describe too much what they saw in the 

visualizations. Novice and advanced beginners focused more on the fact that the 
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visualizations were from an older version of the game. Novice players thought the 

encounter map could be helpful if data is aggregated from multiple games. However, 

the pathing map was found to be the more helpful one. Advanced beginner respondents 

hoped for a newer version of the encounter heatmap and thought it might be more useful 

for higher skill players. They also thought the pathing map is more useful for higher 

skill levels, while thinking it does not provide much new information. 

Competent players thought the encounter map is more useful and thought it is 

great that spatial analysis can be done for digital data. However, they wished for more 

context on it. The pathing map divided opinions, but it could have some interesting use: 

“The pathable areas map is very useful in determining where you can and can't go 

(hidden paths through trees, up and down between different z-levels).” Proficient 

players found the encounter heatmap useful especially if done with specific games. Map 

visualizations were thought to be interesting in general. The pathing map was not 

thought to be useful at higher levels of gameplay but could be useful for lower levels. 

They also said it needs more detail but that it is easy to understand. Expert players 

compared the encounter map to the metagame nowadays, and thought it is a solid 

representation of basic concepts. Just like the proficient players, experts did not find the 

pathing map useful for them: “These are solid representations of basic concepts in the 

game: high-ground, lanes and laning, etc. The map of pathable areas though has no use 

in higher level gameplay.” 

Overall, it seemed that novice, proficient and expert players thought the map 

pathing map is good, especially the lower-level players (Figure 22). Mid-level players 

did not think the pathing map is very useful. The encounter map was thought to be the 

more useful one of the two but would need more context. 
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Figure 23. Coded PUBG player sentiment counts per skill level towards spatial visualizations. 

 

 

PUBG players reacted quite positively to the game win heatmap, but a bit more 

negatively towards the movement visualization video. All skill groups could think of 

ways on how the visualizations could be improved (Figure 23). Novice players thought 

that the win heatmap was not insightful but told that elevation and gun scope lens type 

is important in the game. They thought the movement map would be better if it had 

similar circles. Advanced beginners thought the win map was good but does not 

translate to gameplay well, and other type of winning visualizations would be more 

useful, for example ending circles heatmap. Competent players thought both of the 

visualizations would need improvements to get the most of them, especially context 

data and filtering. They also provided analysis on what they see in the visualizations: 

“The second map didn't seem very informative; people drop where there's loot and 

fights depending on their goals and then move in accordance with the zone.” Proficient 

and expert players thought the win heatmap can be useful but needs more context. They 

saw that regardless of circles, the final winners appear to be in high-action locations. 

The movement video was thought to lack refinement. Overall PUBG players saw 

positives and negatives in both of the visualizations and thought they would need 

improvements. Novice and competent players reacted the most negatively to the 

visualizations. The highest two skill groups were the most vocal about how the 

visualizations could be useful if improved. Players of all skill levels provided interesting 

analysis on what they see in the pictures.  
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Figure 24. Coded Melee player sentiment counts per skill level towards spatial visualizations. 

 

 

Super Smash Bros. Melee players reacted negatively to the killing blows 

heatmap, but positively to the hitbox visualization. There was some insightful analysis 

in all skill levels, and respondents were critical, but not much constructive feedback was 

given (Figure 24). Novice players thought the hitbox visualization was well made and 

useful for spacing. They did not find the killing blow heatmap as useful but did 

conclude that the killing blows are not dependent on position. They thought it can be a 

good tool for people who learn visually. Advanced beginners answered that the hitbox 

visualization is good for beginners only, but some answered the opposite that it would 

be helpful for high level players. So, the answers were controversial. The heatmap was 

thought to be interesting but confusing, and that it needs expertise to make use of it. 

Competent and proficient players thought the hitbox visualization is useful for 

finding threat ranges. They saw places where one could launch a counterattack. One 

proficient player analyzed: “Fox OOS options are great, as it can help with the idea of 

bubble theory and safe options/spacing in shield.” The heatmap was not thought to be 

useful, but the asymmetry in the data was seen interesting. They also voiced their 

wishes to see similar visualizations for other characters. Expert players thought the 

hitbox visualization is interesting but not very useful in practice. They also thought that 

the heatmap provides no meaningful information, and that the data would need to be 

filtered depending on matchup. 
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It seems that lower-level players responded more positively towards the 

visualizations, but the killing blow heatmap was not thought to be informative. Higher 

level players gave some suggestions on how the heatmap could be made more useful. 

Expert players were the most critical about the visualizations. In all games, the higher-

level players were more critical towards the visualizations provided and gave some 

examples on how the visualizations could be made more useful. Lower-level players 

lack knowledge and understanding of mechanics, so it may explain the interest they had 

in all of the visualizations. For CS: GO, Dota 2 and PUBG, the heatmap visualizations 

on the whole level were seen as more useful. However, in Melee the micro-level hitbox 

visualizations were seen as more useful than the heatmap. But even in Melee, the 

heatmap was thought to be a bit lacking and players especially at the higher levels gave 

constructive feedback on how it could be made more useful. Advanced beginner and 

competent players seemed to react the most negatively towards the visualizations 

without providing feedback. 

5.1.14 Interest in using new spatial analysis tools 

Respondents reported that they most likely “would use sometimes” or “would use 

often” spatial analytical tools with their own data (Table 49. The least answered option 

was “would not use”, indicating interest in new spatial analytics regarding own 

gameplay data. 

 

Table 49. Interest in using new spatial analysis tools per game and skill level. Skill levels are 1 = Novice, 

2 = Advanced beginner, 3 = Competent, 4 = Proficient, 5 = Expert. 

Option 
CS:GO (n = 722) Dota 2 (n = 908) 

1 2 3 4 5 1 2 3 4 5 

Often 

14 
(30.4%) 

38 
(28.8%) 

85 
(22.9%) 

43 
(26.2%) 

3 
(33.3%) 

5 
(14.7%) 

50 
(21.9%) 

102 
(21.1%) 

29 
(19.9%) 

4 
(23.5%) 

183 (25.3%) 190 (20.9%) 

Sometimes 

26 
(56.5%) 

58 
(43.9%) 

197 
(53.1%) 

74 
(45.1%) 

4 
(44.4%) 

21 
(61.8%) 

120 
(52.6%) 

266 
(55.1%) 

68 
(46.6%) 

8 
(47.1%) 

359 (49.7%) 483 (53.2%) 

Probably not 

3 
(6.5%) 

26 
(19.7%) 

74 
(19.9%) 

31 
(18.9%) 

1 
(11.1%) 

5 
(14.7%) 

49 
(21.5%) 

84 
(17.4%) 

36 
(24.7%) 

3 
(17.6%) 

135 (18.7%) 177 (19.5%) 

Never 

3 
(6.5%) 

10 
(7.6%) 

15 
(4.0%) 

16 
(9.8%) 

1 
(11.1%) 

3 
(8.8%) 

9 
(3.9%) 

31 
(6.4%) 

13 
(8.9%) 

2 
(11.8%) 

45 (6.2%) 58 (6.4%) 

Sum 

46 
(6.4%) 

132 
(18.3%) 

371 
(51.4%) 

164 
(22.7%) 

9 
(1.2%) 

34 
(3.7%) 

228 
(25.1%) 

483 
(53.2%) 

146 
(16.1%) 

17 
(1.9%) 

722 (29.4%) 908 (37.0%) 
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Option 
PUBG (n = 311) Melee (n = 512) 

Sum 
1 2 3 4 5 1 2 3 4 5 

Often 

1 
(6.7%) 

10 
(21.7%) 

38 
(25.0%) 

35 
(45.5%) 

10 
(47.6%) 

9 
(17.0%) 

27 
(18.1%) 

44 
(18.8%) 

11 
(20.8%) 

3 
(13.0%) 561 

(22.9%) 
94 (30.2%) 94 (18.4%) 

Sometimes 

9 
(60.0%) 

25 
(54.3%) 

82 
(53.9%) 

29 
(37.7%) 

8 
(38.1%) 

29 
(54.7%) 

81 
(54.4%) 

135 
(57.7%) 

31 
(58.5%) 

13 
(56.5%) 1284 

(52.3%) 
153 (49.2%) 289 (56.4%) 

Probably not 

3 
(20.0%) 

11 
(23.9%) 

23 
(15.1%) 

13 
(16.9%) 

1 
(4.8%) 

7 
(13.2%) 

29 
(19.5%) 

44 
(18.8%) 

9 
(17.0%) 

4 
(17.4%) 456 

(18.6%) 
51 (16.4%) 93 (18.2%) 

Never 

2 
(13.3%) 

0 
(0.0%) 

9 
(5.9%) 

0 
(0.0%) 

2 
(9.5%) 

8 
(15.1%) 

12 
(8.1%) 

11 
(4.7%) 

2 
(3.8%) 

3 
(13.0%) 152 

(6.2%) 
13 (4.2%) 36 (7.0%) 

Sum 

15 
(4.8%) 

46 
(14.8%) 

152 
(48.9%) 

77 
(24.8%) 

21 
(6.8%) 

53 
(10.4%) 

149 
(29.1%) 

234 
(45.7%) 

53 
(10.4%) 

23 
(4.5%) 2453 

311 (12.7%) 512 (20.9%) 

The game-wise results are very similar for all games. Dota 2 and Melee have 

almost identical distributions with “sometimes” and “often” having nearly the same 

number of answers. CS:GO and PUBG have their distributions slightly skewed towards 

“often”. Differences with skill level skill seem to be nearly nonexistent. The only game 

having at least some differences is PUBG, where differences are mainly in the option 

“would use often” (Table 49). 

The ordinal logistic regression results are significant only for PUBG, which also 

fulfills the assumption of proportional odds and is barely better than a dummy model 

with goodness-of-fit Pearson significance being 0.08. The results of other games’ 

ordinal regression can be viewed in Appendix 12. 

The coefficients are significant for each option except “would not use”, where 

the p-value is 0.074. All the coefficients are negative, suggesting that choosing an 

option in the higher end would have a connection with higher skill level. The data 

visualizations for PUBG show that higher skill levels have chosen “often” 

proportionally a lot more than lower skill levels, and slightly less the options “would not 

use” and “probably would not use”. 
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Table 50. PUBG results of ordinal logistic regression of interest in using new spatial analysis tools. Re-

sults are calculated for the probability of each option not having been chosen, so estimates are reversed 

when interpreting for an option having been chosen. 

PlayerUnknown's Battlegrounds results 
     

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval  

Lower Bound Upper Bound 
 

Threshold 

Skill = 1 -3.737 0.327 130.982 <0.001 -4.378 -3.097  

Skill = 2 -2.147 0.235 83.771 <0.001 -2.607 -1.687  

Skill = 3 0.131 0.196 0.445 0.505 -0.254 0.516  

Skill = 4 2.043 0.263 60.528 <0.001 1.528 2.557  

Location 

Often -0.999 0.558 3.203 0.074 -2.093 0.095  

Sometimes -1.026 0.330 9.641 0.002 -1.674 -0.378  

Probably not -0.952 0.250 14.491 <0.001 -1.442 -0.462  

Never 0a 0 0 <0.001 0.000 0.000  

  a. This parameter is set to zero because it is redundant.  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 86.161 0.000 0.000 <0.001 Pearson 15.418 9.000 0.080 

Final 68.808 17.353 3.000 0.001 Deviance 18.624 9.000 0.029 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.054   

Null Hypothesis 68.808       Nagelkerke 0.059   
General 55,861b 12,946c 9.000 0.165 McFadden 0.021   

a. Link function: Logit.   
b. The log-likelihood value cannot be further increased after maximum number of step-halving.   
c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general model. Validity of 
the test is uncertain.   

 

While skill-based differences are small for the question, the PUBG dataset 

implies that expert players would be more interested in using spatial data analysis tools 

about their own play data (table 50, figure 25). Overall, players in all games would be 

interested to use spatial analysis tools sometimes or often. 
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5.2 Interview study results 

5.2.1 Counter-Strike: Global Offensive 

Subject CS:GO is an analyst for one of the most prominent teams in Counter-Strike, as 

well as a former e-sports player. In CS:GO, analytics in general are under developed, 

even at proficient level, not to mention spatial analytics. The CS:GO expert had not 

encountered analysis tools specific for spatial analysis of positioning or movement. At 

Figure 25. Composite plot of the significant logistic regression coefficients of interest in using new spatial 

analysis tools, weighted with permutation importances in a random forest classifier. In the scatter plot, x-

axis represents consecutive skill levels and y-axis represents the coefficient value. The table is provided 

to help understanding. It shows the exact values of significant coefficients and the color is weighted with 

permutation importance, the brighter the color, the higher the permutation importance value. Red colors 

stand for negative coefficients and green colors stand for positive coefficients. 

Permutation importance 
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expert level, analysis tools are used iteratively: to create a tactic and to evaluate its 

effectiveness. 

The biggest strength for analysis tools is the way they quantify decision making 

and allow seeing different strategic options objectively with various metrics. For spatial 

analysis, the respondent gave an example about map control: “There are certain setups 

for positioning that are often used, but you don’t know which one is better than the 

other objectively. It’s discussed but there’s no good way to quantify map control.” The 

respondent said that if there was a way to get metrics on these complex spatial aspects 

of the game, they could be used as a way to drive discussion inside teams. Another big 

strength of spatial analysis would be exploratory data analysis, as it is a way to learn 

and develop these tools. 

Some examples of spatial analytics that came up were visibility analysis; a way 

to see where a player can be seen from as well as where they could see. Such tool could 

be further improved to show visibility of player shadows, as well as a 3D tool for 

finding out if a player could be seen from distance or higher ground when running 

behind a smoke that was used to block visibility. Additionally, a way to measure the 

effectiveness of different rotation patterns would be useful. Individual movement times 

can be measured in-game, but it is tedious work and does not give a metric for if the 

rotation pattern is good for the overall team positioning. 

One of the greatest challenges for spatial analytics was told to be the way tools 

are utilized. Tools for analytics exist, but the way how to use them to your advantage is 

the real problem. Tools or visualizations can not be too general at the expert level, they 

need to be highly contextualized. Another aspect of the problem is that the 

visualizations need to be presented in bite-size chunks so that players without analytical 

expertise can comprehend them. The expert reflected on themself also: “Many players 

do not have degrees or can be young, so reading information can be difficult for them as 

they do not know how to process it properly. Can graphs be appreciated? I’m 

knowledgeable about the game but I can’t always appreciate the graphs.” The subject 

concluded that there are also players who simply do not care about analytics, as they see 

that getting headshots is more important.  

Altogether, the expert said that they would like to see analytics drive the 

improvement of the game in the future. They could see spatial analytics as useful for 
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any player trying to improve. At the moment, spatial analytics and analytics in general 

are used for tracking progress, but more exploratory analysis needs to be done. The 

expert said that it is important that people from other fields such as spatial analytics 

bring expertise into the e-sports domain even if they are not knowledgeable about a 

specific game. They also said they could see spatial analytics useful in other games also 

in the fps and third person shooter genre, but the tools would need to be refined to that 

game specifically. 

5.2.2 Dota 2 

Subject Dota 2 is an expert player at very high level in the game. They were very 

critical about the topic of spatial analytics in Dota 2 at the start. The experiences they 

had had with spatial analytics had been mainly related to static visualizations such as 

heatmaps and other aggregates. When talking more in-depth about the meaning of 

spatial analytics and its meaning, the subject gave some positive remarks on spatial 

analysis. Throughout the interview, they gave many insightful concrete examples on 

where spatial analytics is and is not useful. 

The expert said that their main vision on spatial analytics is that it always needs 

an expert player in the process. They had experienced that the information in map 

visualizations is too general. Dota 2 is a very reactive game, so the interactions between 

players are very mobile. The interactions change drastically when the player changes 

their hero. The expert gave an analogy on why static visualizations are bad: “Football 

has players with set positions, and so does Dota 2, but unlike in football, the person in 

the position can have a different set of abilities depending on the game.” Therefore, the 

person doing the analysis must always know where the parameters for location and 

movement come from. Context is needed for each game separately, for example a 

player can hold a certain position or do movements to avoid a certain hero in the 

opposing team. Or that if a player is low on mana due to poor management, they would 

not want to engage in any battles, whereas the opponents would want to capitalize on it. 

Visualizing situations like those in a useful manner is difficult and it is also hard to get 

any meaningful information from them as a player. They said that looking at static 

spatial visualizations is interesting, but they have not found a way to turn them into in-

game advantage. 
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Static spatial visualizations are usually about the opposing team. However, 

majority of analysis done by expert players is not about the opposing team as a whole, 

but about individual players who play the same position as them. The expert said they 

compare the gameplay of other players to figure out what they could do better and 

where to improve. This gives actual insight on how to react to opposing players inside 

the game. Additionally, experts rarely analyze their own gameplay because they already 

acknowledge their mistakes. It is rare that an expert does a mistake in-game and would 

need to wonder what caused it. The most common way is to simply watch replays. If 

static map visualizations were available, they usually would not even save time. 

When asked if location and movement play a major part in Dota 2, the expert 

answered that it does. They said that it is like chess that all actions are based on the 

positions of the characters you see on the map in a reactive manner. They also said that 

there are some spatial analytics tools in Dota 2 already, such as the range tool, and that 

everyone uses them despite their bugs.  

When talking about ideas for new tools for advanced replay functionalities such 

as metrics or real-time visuals, the Dota 2 expert answered that the tools available are so 

bad that they can’t even imagine what the better ones could be. At the moment, they 

simply watch replays and mainly focus on the minimap with the player and objective 

icons. They said that the only way an actually useful spatial analytics tool could be 

created is that an expert player would collaborate on the project and it would be created 

thinking about the clients’ needs first. They then gave an example of a spatial analytics 

tool that could be useful. It would need to have options for viewing overall datasets, 

grouped by the positions of the players. This would provide an overview on how all 

teams in general play each position. Then, it would have to have a functionality to see 

the data of each individual player as well so that you can understand the context in the 

data. Additionally, pro games and public games would need to be separate. So, it would 

need to have the aggregate analytics summarized by an analyst, and then the player 

could pick the interesting individual unprocessed cases inside it. 

The expert concluded that their team does not have a specified analyst, and that 

the analysis regarding positioning and movements is done by players themselves. After 

the discussion, the subject said that they could see spatial analytics being useful in other 

moba games also, not just in Dota 2. 
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Overall, it appeared the Dota 2 expert had a certain image in his mind on what 

spatial analytics means: static aggregated visualizations. They said they cannot see 

practical help in spatial analytics, while still giving example after another on how they 

analyze movement, position, and range frequently, as they play a major part in the 

game. This suggests that the expert understands spatiality as a theme intertwined with 

other aspects of the game in a complex manner, making it difficult to separate from 

other themes. 

5.2.3 PlayerUnknown’s Battlegrounds 

Subject PUBG is a coach for a top e-sports team, fulfills the role of the team analyst and 

is a former pro player. They explained that the role of coach is to follow development of 

metagame for example by looking at the big picture of games from map replays. They 

told that in PUBG you have to move as much as possible and movement needs support 

from other players, which is why analyzing space is important for every player. To 

assess new players spatial cognitive and analytical skills, they conduct an IQ test for all 

new players. It also helps know in which direction the players should be guided to 

develop their skills. 

90% of analysis related to location or movement is done by simply watching 

replays. The most important thing to analyze in the game is assessing which enemy 

teams pose the most threat and are able to push to your own team. Other important 

things are the probable locations of enemies, areas where enemies cannot see, areas 

where enemies fight each other and the teams that block other teams from pushing 

towards self. These must be understood during the match, so they are also analyzed 

after each match. This type of spatial analysis is done in two parts. First, by fast 

forwarding a replay in a 2D replay viewer such as Twire to find the teams which 

succeeded and failed. Second, focusing on the most interesting teams, the replay is 

reviewed again, and paused each time the teams stop somewhere. This is done to 

analyze the benefits of holding a position, and to think if the strategy could benefit own 

play in some way. The 2D replay is transformed into 3D in the mind of the analyst, and 

hypothetical situations are considered also. For example, if another team moved in a 

different manner, how would it change the dynamics on the battlefield. 

When discussing the tools for spatial analysis, the subject said that there are 

many basic tools that are sufficient for average players. They said that the most 
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important thing when creating a tool is that players need it and are interested in it. 

During the time of preparing for world championships, subject PUBG told that an 

outside data scientist had created custom map visualizations for their needs. For 

example, aggregate maps of player locations in 50 matches of a previously unknown 

enemy team, divided into 1-minute intervals. This made it possible to understand the 

strategy of the team swiftly, and the PUBG expert told it would be beneficial to have a 

tool for that. They also had ideas for other tools that could be interesting. For example, 

an average winning point map for each location. In a PUBG e-sports tournament, 

winning teams get 10 points, second place gets 9 points, third gets 8 and so on. Pinning 

these points to a location could act as a metric for the evaluation of positional 

advantage. Another one was similar to the tool suggested by subject CS:GO - a 3D 

visibility map of where players can see and where they can be seen from. It could be 

further developed by taking different postures, obstacles and tree leafage into account. 

Additionally, a pathfinding tool could be useful if it could calculate the average time it 

takes to traverse between two points, while taking dangerous terrain and different 

modes of transport into account. It would also be good to have a functionality that lets 

the user draw the path and the tool could provide various metrics for it. 

Of course, trusting these tools can be dangerous as computers always function 

optimally with the rules that are set. The expert reflected that the biggest challenge for 

spatial analytical tools is human error in gameplay. “If you take the optimal route but 

run into a tree, then it’s not the fastest route anymore. It might give information but 

could also make you blind to unexpected dangers”, the expert told. Even in the analysis 

of data, the outputs can be confusing and messy if they are too detailed. On the other 

hand, basics of the game are well understood at the expert level so simple visualizations 

are not that useful. Additionally, too complicated tools limit approachability. A related 

issue is that some players succeed with sheer practice and need to be encouraged to 

analyze their gameplay. They also said that spatial data analysis needs good data skills 

and that they are lacking on that field. Finally, a problem related to battle royale genre 

specifically is the changing circle locations. They change the way maps are played and 

make spatial analytics difficult. 

In the end, the PUBG expert told that they might watch 100 matches and only 

one of them has something really interesting or useful. Nevertheless, they said that 
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analyzing spatial aspects is one of the most important aspects in success, and that they 

do not know of any good in-game-leaders who neglect it. When asking if the analytical 

tools we discussed could be useful in other games also in the battle-royale genre, they 

answered that they are not familiar enough with the other games to answer, but it would 

need to be evaluated for each game individually. 

5.2.4 Super Smash Bros. Melee 

Subject Melee is an expert Melee player at the very highest skill level. They are one of 

the best players of the character they main, and have tournament wins against the 

current best player in the world, Hungrybox. 

The interview started with the Melee experts thoughts on overall competitive 

mentality. They explained that key to success is continuous practice. According to them, 

after winning, if you go home, are just happy for the win, and do not pay a thought for 

it, you are setting yourself up for a loss. Instead of that, you must keep practicing, watch 

replays of your games, write notes and figure habits. The expert told they love to watch 

specific opponents and learn their tendencies. That way, you can know what the 

opponent will do from each position. When asked if this kind of analysis is important, 

they answered affirmatively. The expert explained they theorize with in what positions 

they get hit or KO’d the most. Positioning in the game is important, as you can force the 

opponent to do what you want nearly all the time just by positioning yourself well. As 

of recent, the access to the statistics provided by the Slippi modification has shed more 

light on those topics. Slippi statistics do not feature locational information, but it does 

tell what lead to the outcome of a match. “It shows your habits and technical skill level 

in a humbling way”, they added. Analysis at the expert level is done behind closed 

doors, as players go in their cave and do not show how they analyze in practice. The 

player talked about their frustration, as it seems pro players put on a façade to act as if 

they do not go that in-depth with the game. An example they gave was that they had 

seen a top player in an S-rank tournament with their coach in a private room with a 

whiteboard and Excel sheet open, discussing statistics and strategies. “That made me 

realize I’m so far from the tippity top and I didn’t even know”, the player reflected. 

When asked what the benefit of coaching or analysis is, they answered: “Another 

perspective. Players like to tunnel-vision as they practice. My fans come and tell me 
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about strategies and techniques I haven’t thought of. Even though they are not pro level 

players, their information is still valuable.” 

When talking about the use of spatial analysis, subject Melee told that the point 

of it is to leave nothing to chance. Spatial analysis increases the efficiency of a players 

game plan. They said that a game plan is dependent on the position of player characters. 

First, positioning must be right, and after that a player can fulfill the game plan. “And If 

I’m not sticking to the game plan, I’m losing the game”, they continued. Positioning is 

the main mechanic in the game as players win the game by knocking each other off the 

stage. 

The Melee expert next told how exactly they analyze spatial aspects of the 

game. They go on training mode and test things themselves. They told that a major 

factor are the visual cues in the back- and foreground elements of each stage: static 

objects that have been determined to be positioned around the same location as certain 

recovery move ranges. Another example that the expert gave was a result of manual 

testing when frustrated in the Fox matchup. They explained that they had went on 

training mode, and tested Fox full hop up-air range on each stage. Up-air is a prominent 

KO’ing attack for Fox. The conclusion was that as long as you are above tower in the 

background of Fountain of Dreams, you are safe. Whilst explaining the method, the 

expert came to a sudden realization: “We definitely need a tool for this. We have just 

been eyeballing these things for 20 years, and do not know the characters actual threat 

ranges.” 

When talking about possibilities for new tools for analyzing ranges, positions 

and movement, the Melee expert was optimistic and enthusiastic. As for static map 

visualizations, they said that recovery ranges laid on each stage would be useful, as well 

as heatmaps of specific interactions. On in-game tools, they continued that the newest 

training tool UnclePunch modification was just released, and it brought Melee to 

another level. It enables players to create scenarios with save states out of anything and 

send them to other players to play. Regarding spatial analytics, there are hitbox 

animation visualizations, but no spatial metrics in the game. Some in-game tools the 

Melee expert wished for was an active threat range indicator, as well as a ghosting tool 

that could show the outcomes of different combo and movement options in each 

specific scenario. The range indicator would help understand the bubble theory coined 
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by the reigning world champion. The Melee expert reflected: “Hungrybox may have 

been the first player to utilize spatial analytics, and for him it worked for 3 years 

straight.” This was a comment to the fact that Hungrybox won nearly every tournament 

in the game for three consecutive years. Finally, when asked what the impact of this 

kind of tools would be, the expert answered: “It would be a new era of Melee, I'd even 

pay money for them. We just got the new practice mod, this on top of it would skyrocket 

everyone.” 

While enthusiastic, the Melee expert also shared their concerns on the 

challenges of spatial analysis. The biggest problem with analytics is the tunnel vision it 

can induce on players. Getting too focused on the data does not account for human error 

and makes gameplay robotic. They also told that especially static visualizations have 

challenges, as they need a lot of context to be useful in practice. The tools at the 

moment have problems also: “We do have some online tools, but they’re not user 

friendly at all. I would need these spatial analysis tools in the game to test them in 

action.” Additionally, the secrecy around analysis with pro players is problematic, the 

climate needs to become more open. Finally, Nintendo’s proactive stance against 

modding is discouraging: “I feel many players would have already gone to the deep end 

[with spatial analysis] if we had Nintendos support, because a lot of this is done for the 

love of the game and not for money. “ 

Could these discussed spatial analytics techniques be useful in other fighting 

games then? The expert reflected with their personal experience with other games: 

“They definitely could, and you can see it already. For example, Street Fighter training 

mode has a grid for distance measure, and a red line in the middle where the neutral 

is.” Generally, in video games, all players start by having fun and slowly move towards 

more technical aspects. While competing, thinking about optimizing gameplay is 

important, but so is a good mentality. “Space matters not only for the optimal, it matters 

also for the fun”, the Melee expert concluded.  
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6 Discussion 

6.1 Major patterns in observations 

This study had two major objectives. First, to identify the ways in which spatial 

analytics and locational information are used to benefit gameplay in competitive 

gaming. Second, to summarize information on how the use of spatial analytics is 

lacking, and what kinds of new tools would be beneficial. The study was motivated by 

the notion that the of spatial analytical methods in competitive gaming and e-sports is 

not documented well. Most of the spatial analytical literature regarding competitive 

gaming had been written about moba games. This piqued attention, when making my 

bachelor’s thesis about spatial analytics in game development (Ijäs & Muukkonen, 

2018). 

The major patterns in the findings of literature review, survey study and 

interview study are that regardless of game, genre or skill level, spatiality is one of, if 

not the most important aspect in competitive gaming. Additionally, how players analyze 

spatial aspects of a game is similar in all games, and that lower skill level players 

analyze spatial aspects less than expert players. Players also have a lot of interest in 

spatial analytics tools and the amount of analysis websites and tools have increased in 

the recent years for all the four target games. However, higher level players are more 

critical towards using spatial analytical tools and require a lot of context when using 

them.  

6.2 Comparison of survey, interviews, and literature 

The trends and relationships in the survey can be inspected in the “all results” and “skill 

similarities” columns in Table 51 and in the figures 18-25. The trends and relationships 

of interview study results can be viewed in the benefits, challenges, and new tool ideas 

columns in Table 52. The largest generalization among the results is that spatiality plays 

a major part in all of the games. The questionnaire and expert interview results showed 

that positioning, movement, and spatial awareness are among the top three out of ten 

skills provided in all of the game, and that spatial analytics useful at all skill levels. 

Similar results were found by Nagorsky and Wiemeyer (2020) who found spatial 
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orientation and strategic and analytical thinking important or somewhat important 

regardless of game. 

 

Table 51. Summary of Q7-Q13, Q16 results of survey study. 

 

 

Spatial aspects of gameplay are most commonly analyzed by low-effort or 

analogous means of thinking, reviewing play videos, and conversations. The literature 

review results show a large amount of video content for all games. The CS:GO, PUBG 

and Dota 2 experts in their interviews told that tools must be easy to use for players to 

take interest, which supports the find. Writing memos of gameplay was not a popular 

Question All results Skill similarities Skill differences Thoughts 

Q7 
Positioning, movement, and 
spatial awareness among top 
three skills in all games. 

Very similar 
Melee: spatial awareness 
most important in expert 
group. Other games top five. 

Spatial skills extremely important 

Q8 

Very similar results. Thinking, 
reviewing play videos and 
conversations the most com-
mon. Writing memos rarest. 

Memos rise: Novice 0% , ex-
pert 20-55%.   
Spatial data analysis rise nov-
ice: 2-10%, expert 22-30%. 
 Do not analyze decrease: 
Novice: 15-26%, expert: 0-4%.  

PUBG "view spatial data" 
rises, others not significant. 
PUBG "Replay Videos" rises, 
others not significant.  Me-
lee and Dota 2 "thinking" rise, 
others not significant 

May indicate analyzing spatiality 
by reviewing data not as familiar 
for other games. Supported by 
Dota 2 and Melee  use thinking 
in the higher levels of skill 

Q9 
Thinking, watching videos 
most common at all levels 

I do not analyze decrease: 
Novice: 15-20%, Expert 0%. 
Text guides decrease: novice: 
33-47%, expert: 22-29% (74% 
melee) 
In-game tools rise: Novice: 38-
61%, Expert: 70-94% 

Melee text guides expert high 
Way of spatial analysis not de-
pendent on the type of the game. 

Q10 
"I Do analysis on specific oc-
casions" the most common in 
all games. 

Spatial analysis more frequent 
at higher levels in all games 

Melee: "Systematically" less 
answered at expert level than 
in other games 

May indicate the way Melee 
players perceived the question 
was different? 

Q11 

Very similar. Melee modifica-
tions 56%, others 3-14%.  
In-game tools most chosen, 
then video tools. Least cho-
sen is text tools. 

Text tools rise (novice: 0-4%, 
expert: 12-44%).  
Data analysis rise (novice: 0-
13%, expert: 30-56%).  
No tools used decrease (nov-
ice: 20-73%, expert: 0-9%) 

PUBG Data Visualization rise 
(novice: 0%, expert 57%), oth-
ers insignificant. 
Individual skill groups: Dota 2 
expert, video tools lower 
(18%, other games 67-83%.) 

Lines with literature, Melee use 
of modifications is nearly essen-
tial for playing the game. Many 
skill-wise similarities. PUBG visual 
tools stand out similar to Q8 

Q12 

Heatmaps most familiar 
(53%). None: 16-29%. Least 
known: Buffer analysis  
(5%), Network analysis (8%). 

Heatmap rise (novice 32-48%, 
expert 61-81%).  
None decrease (novice: 13-
40%, expert: 9-18%).  
Little trends, mainly experts 
stand out. 

Very small 

None: novice 13-40%. Dota 2 ex-
perts: 18%.  
Question problematic? Players 
possibly struggle to connect anal-
ysis with games. Or do not know 
how utilize to improve skills.  

Q13 
Most common: Spatial Data 
Visualization (36%), Good as 
is (23%) 

All games nonexistent pat-
terns, except nothing has neg-
ative trend 

None 

Tools that do not require lots of 
expertise are hoped. All games 
might not know what kind of 
tools could be made. 

Q16 

All games interested to use 
new spatial analysis tools of 
own data sometimes (52%) 
or often (23%) 

Very similar 
PUBG has positive coefficients 
towards higher level, others 
increase not clear. 

All games interested, nearly iden-
tical. 
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method of supporting analysis, but it was found to be a major differentiating factor 

between higher and lower skill level players. Use of in-game tools and spatial data 

analysis was also found to be more popular among higher skill level players. According 

to the expert interviews, newer players are not as in-depth with the game as experts, and 

it is rare that experts do not analyze their gameplay. 

 

Table 52. Result summary of interviews categorized into the benefits and challenges of spatial analysis, 

new tool ideas and other significant remarks 

 

 

The biggest exceptions regarding skill-wise trends in the games was PUBG, as 

viewing spatial data and replay videos was found to be especially popular in the game. 

This may indicate that the idea of analyzing spatial aspects of gameplay by viewing 

spatial data is not as familiar of a concept for players in the other games. PUBG also has 

many 2D replay tools that are accessible to everyone (Azzolini, 2018; op.gg, 2021; 

WebDestroya, 2018). This result is also somewhat supported by the fact that Dota 2 and 

Melee players use thinking as a way of analysis in the higher levels of skill. Dota 2 

experts were found to be critical towards spatial analytics tools, and Melee has very 

limited amount of these tools. 

All games saw rise with skill level in the option “in-game tools”, and decrease in 

“I do not analyze and “text guides”. These are in line with the findings of Nagorsky and 

Game Benefits of spatial analysis Challenges New Tool Ideas Other 

CS:GO 
Tools quantify decision making, 
Exploratory analysis needed, 
People from other fields needed 

Problem Is how to utilize, need con-
text, need to be comprehensible to 
normal players, Some players do 
not care 

Visibility, shadow, smokes, Ro-
tation effectiveness, Pathfind-
ing 

Analytics underdeveloped, Itera-
tive process: evaluation of deci-
sions afterwards, can see use in 
other games  

Dota 2 

Everyone is using in-game tools, 
Location big part of Dota 2, Most 
common way is replays, Analyze 
certain players, not teams 

Always needs an expert to do anal-
ysis, Hard to benefit in practice, 
need context, current video tools 
very bad 

Tool needs option to look at in-
dividual, players from aggre-
gate analysis of positions 

Can see use in other MOBAs, 
Very critical 

PUBG 

All good IGLs do spatial analysis, 
most important aspect in suc-
cess, 90% of analysis is replays, 
Which enemy can push? 

Players must need it and be inter-
ested, Human error, needs good 
data skills, Simple visualizations not 
useful at high level, some players 
do not care 

Spatio-temporal aggregate tool 
needed, Winning point map, 
Visibility map: different pos-
tures and obstacles, Pathfind-
ing tool 

Does Mensa test to understand 
new player spatial skills, cannot 
say if useful in other games, 
there are many basic tools, not 
enough advanced 

Melee 

Positioning most important as-
pect, Game plan position-de-
pendent, Spatial analytics tools 
game changer, Biggest benefit is 
outsider opinion, Information 
from non-pros important 

Tunnel-vision to data, Static visuali-
zations need lot of context, Analysis 
at the moment behind closed 
doors, Nintendo actively against 
modding 

Ghosting tool for training, 
Threat ranges, Recovery static 
visualizations, General visuali-
zations, All tools in-game 

Useful in other fighting games, At 
the moment rudimentary and te-
dious, Tools to acquire data just 
developed 
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Wiemeyer (2020) who found that the popularity of content from other players such as 

videos and text guides as well as talking to other players as a source of training 

information increases with skill level. In-game tools may refer to the video tools 

mentioned as the most popular way of spatial analysis by all experts in the interviews. 

The largest difference in the results was that for Melee, while the “written guides” 

options had a negative relationship with skill, experts had the highest proportional 

amount of 74%. Melee does not have many tools for spatial analysis, and analysis is 

rudimentary and tedious according to the expert interview. Additionally, in the literature 

review Melee was found to have a large number of advanced guides. It appears that 

expert players take advantage of these guides extensively. Other relationships and 

answers were nearly identical throughout all games. 

Players answered that they do spatial analysis in specific occasions. All 

interviewed experts reflected on the importance of spatial analysis, and even the critical 

Dota 2 expert said that everyone uses the in-game spatial analytics tools. There were 

almost no differences between games in the frequency of spatial analysis, even at 

different skill levels. The trend in answers was that spatial analysis is more frequent at 

higher skill levels. Drachen et al. (2014) found that expert players spatial gameplay 

patterns are distinct from novice players. This may be the result of more frequent spatial 

analysis done by the experts. It was found that Melee experts do not do analysis as 

systematically as other games experts. A related issue may be the mention by the Melee 

expert that top level Melee players try to downplay their analysis. This phenomenon 

may be apparent in the answers. On the other hand, Melee has limited tools for spatial 

analysis, which may also explain the difference. 

The tools used for spatial analysis in all games were very similar. The most 

popular tools are in-game tools, and video tools. The least popular tools are text tools 

such as memos or text editors. This is in line witth results on ways of doing analysis: 

watching videos was among the most popular ways of analyzing and writing memos 

was the least popular way of analyzing. The popularity of in-game tools may be 

explained with the highly utilized replay functionalities. The Dota 2 expert told in their 

interview that everyone uses in-game tools. An exception in game-wise results is that 

game modifications are utilized in Melee far more than in the other games. Melee is 

played using modifications such as Slippi and UnclePunch that improve the 
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functionalities of the game, which explains the difference. The literature review results 

for Melee would have been poor when compared to other games, but the inclusion of 

these modifications appears to bring Melee to the modern standard of competitive 

gaming regarding spatial analysis. 

It appears that the use of text tools and spatial data analysis tools rise with skill 

level in all games. For PUBG, spatial data visualization tools popularity rises also with 

skill level, further insinuating the visual-oriented trend of spatial analysis for PUBG 

palyers. The PUBG expert told in their interview that they do not know any good in-

game-leader who would not do spatial analysis of replay videos. Controversially, while 

an effect regarding only a single skill group, only 18% of Dota 2 experts had chosen 

“video tools”, when other experts had 67-83%. The Dota 2 expert told in their interview 

that the video tools for Dota 2 are so bad that they cannot even imagine how they could 

be improved. 

The methods for doing spatial analysis show small differences between games. 

The most familiar method for visualizing spatial data is the heatmap. When inspecting 

the tools and exploratory data analyses available for the literature review, it was noted 

that heatmaps were a very common way of presenting spatial data. Nearly all the 

exploratory data analyses had chosen either a heatmap or a video as a visualization 

method. It is a good decision, as it appears it is the most familiar method for players, 

meaning they can understand it. This is a major factor that was brought up in the expert 

interviews: the subjects were concerned that spatial data may be difficult to understand 

for inexperienced players. A caveat for heatmaps was also brought up by all subjects, 

that in order to gain benefit from heatmaps, they need to be properly contextualized. 

Players are less familiar with more advanced analysis methods such as spatial 

buffer analysis and network analysis. Options for these were intentionally added in the 

questionnaire as more advanced spatial analytical techniques to measure the 

understanding of possibilities in the field. Especially the spatial buffer analysis aspect 

was interesting regarding Super Smash Bros. Melee and Dota 2 players. In the answers 

for the open field questions, players said that analysis of range is important and 

beneficial. Range analysis is essentially a form of buffer analysis, as you measure the 

area in which an ability or attack can be active. In reality, players use spatial buffer 

analysis but do not make the connection to the term.  
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There was a statistically significant positive relationship with the understanding 

of heatmaps in all games (novice: 32-48%, expert 61-81%). Also, it was increasingly 

rare that experts are not familiar with any of these methods, as 13-40% of novices had 

chosen “none”, but only 9-18% of experts had chosen it. The option “none” was 

interesting skill-wise, as up to 40% of novices and 18% of Dota 2 experts could not 

recognize even simple thematic or point maps. It is suspected that it is not a result of the 

players not knowing what a map is, but instead a problem with the setting of the 

question. These players either could not make the connection with thematic maps and 

their game mini maps or did not specifically know how to utilize the spatial analytical 

techniques to their benefit in-game. The latter option is further supported by the fact that 

all experts said that a problem with spatial analytics and static visualizations is the 

difficulty to turn them into in-game advantage. 

Players in all games hope for new tools for spatial data visualization, or are 

contempt with the existing tools. This is interesting, as these were more popular options 

in the questionnaire than the option “video tools”, which has been reported to be a 

prominent way to do spatial analysis. Maybe players feel that video tools are quite good 

already. Overall, tools that do not require lots of expertise such as spatial data analytical 

tools were hoped the most. This is in line with the results in question 14, 15 and expert 

interviews where better tools for visualization and replays were hoped. Additionally, the 

interviews indicated that easy-to-use and interpret tools are needed the most. The 

relatively high amount of “no tools needed” may be related to the notion made by the 

CS:GO, Dota 2 and PUBG experts that not all players are interested in analytics. 

Skill-wise trends in the survey answers were equally nonexistent in all games- 

the only trend appeared to be that no game had an increase in the option for “no tools 

needed”, indicating that expert players wish for better tools more than lower-skill 

players. This is in line with the trends in other questions where experts use spatial 

analysis more than lower-level players and therefore may have a better understanding of 

the tools that could be made. Additionally, experts showed a higher level of 

understanding of spatial analytical methods which further supports this conclusion. The 

topic of new tools was discussed more deeply in the expert interviews. CS:GO and 

PUBG experts hoped for tools regarding visibility, pathfinding and distance metrics 

tools. These are a bit more analytical tools in their nature, which is in line with expert 
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players doing proportionally more advanced spatial data analysis than lower-level 

players. PUBG expert also wished for a better spatio-temporal aggregate tool as well as 

a static visualization of winning points gained from locations. Dota 2 expert wished for 

an interactive tool where data is visualized, and the player could look at both the 

aggregate visualizations as well as individual player data. Melee expert hoped for tools 

in-game that would visualize character threat ranges, as well as static visualizations for 

recovery ranges and general visualizations. The challenges for spatial analytics tools 

were finding the way to turn them into in-game benefit, the fact that static visualizations 

need a lot of context and cannot be too general, and that they also need to be 

comprehensible to players so that they understand them, gain interest in them and start 

using the tools themselves.  

Players in all games found spatial analytics useful especially when used for 

themes like positioning, movement, and ranges. In all games, players were interested in 

analysis various analyses of effective ranges, essentially meaning buffer analysis. 

CS:GO and PUBG players hoped for better tools for analyzing spatial aspects with 

replays, as well as visibility and positioning. Dota 2 players hoped for better analysis 

tools for movement. Better tools for basic aggregate mapping are hoped by Melee and 

PUBG players.  

Dota 2 high-level players said that analysis tools alone cannot make a player 

good and that instead of spatial aspects, general strategy may be more important and 

underdeveloped. This was in line with the Dota 2 experts critical attitude towards spatial 

analytics. However, when compared to the general answers in Dota 2, it is slightly 

controversial. Dota 2 players showed an equal appreciation towards positional aspects 

of the game and interest in analytics tools. There is a possibility that the tools for the 

highest level of players are simply not sufficient at the moment. While critical, the Dota 

2 expert continued to give examples on how they conduct spatial analysis on regular 

basis, as well as how spatiality is an important factor in the game. This suggests that the 

expert understands spatiality as a theme intertwined with other aspects of the game in a 

complex manner, making it difficult to separate from other themes. A similar 

observation has been made by Reeves et al. (2009) regarding Counter-Strike players. 

They observed that the terrain for an expert CS player goes far beyond ‘knowing where 

things are on the map’—the player knows what parts of a map mean for that particular 
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point in play. Good players know where to go and how on the map to win, their 

knowledge of the map is tied up with their navigation of the map (Reeves et al., 2009). 

PUBG experts said that after an unexpected loss, detailed spatial analysis is always 

done, which is in line with the PUBG experts opinion that analyzing spatial aspects if 

key to victory. 

In all games, the higher-level players were more critical towards the 

visualizations provided and gave some examples on how the visualizations could be 

made more useful. There have been studies regarding what makes some players experts. 

Gegenfurtner, Lehtinen, and Säljö (2011) studied the processes of becoming an expert 

player and found that expertise optimizes the amount of processed information by 

neglecting task-irrelevant information and focusing on task-relevant information. This is 

is accomplished through strategic considerations to allocate attentional resources 

(Gegenfurtner et al., 2011). This aligns with the finding that experts reacted with 

criticism and constructively towards the visualizations. Lower-level players in turn 

reacted relatively positively towards the visualizations. With the same assumption by 

Gegenfurtner, Lehtinen & Säljö, novice players may lack knowledge and understanding 

of mechanics, so it may explain the interest they had in all of the visualizations. 

For CS: GO, Dota 2 and PUBG, the heatmap visualizations on the whole level 

were seen as more useful. However, in Melee the micro-level hitbox visualizations were 

seen as more useful than the heatmap. Still, even in Melee, the heatmap was thought to 

be a bit lacking and players especially at the higher levels gave constructive feedback 

on how it could be made more useful. Advanced beginner and competent players 

seemed to react the most negatively towards the visualizations without providing 

feedback. 

Players in all games would be interested to use new spatial analysis tools 

regarding their own data sometimes or often. This tells that a need for spatial analytical 

tools detailed in this study is present and that players are interested in the subject. This 

is in line with the results where players told that they analyze spatial aspects rather 

frequently, and only a small proportion of players thought that no new tools would be 

needed. Additionally, none of the experts interviewed thought that no spatial analytical 

tools would be beneficial or needed, as well as giving multiple examples on hopes for 

new tools. 
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Other findings were that at the highest level of gameplay, analyzing specific 

opponents is a prominent way of using spatial analytics to advance skill level. To be 

able to analyze specific opponents, some sort of data from their gameplay is needed. 

The most common way of analyzing is reviewing play videos, as video captures might 

be the most available from other players gameplay. None of the target games were 

found to have an easy way of acquiring data from own games, not to mention other 

players’ games. Additionally, even if data was possible to be acquired, its analysis using 

existing rather limited tools is hard for non-data oriented players. Regarding this, the 

CS:GO and Melee experts said that exploratory data analysis is needed as new ways of 

thinking drive the metagame further. Dota 2, having a large amount of statistics 

websites that feature simple spatial visualizations of match data, appears to have 

stagnated in terms of exploratory data analysis. 

The major challenges regarding spatial analytics are majorly related to the 

difficulty of creating beneficial tools that are easy to use and readily available to all 

players. Additionally, coaches and analysts who are capable of doing exploratory 

analysis may not be able to explain the importance of data to players if the players are 

not interested in the subject. Most importantly, to make a spatial analytical tool, the 

players must need it and be interested in it. To achieve such a tool, the opinion of 

players, and especially expert players must be taken into consideration when making it. 

PUBG having a large amount of analytical tools while being a relatively new 

games is telling of the power of open and free to use data API. Same is true for Dota 2 

also, and CS:GO to an extent, while data acquisition requires an extra step. Super 

Smash Bros. Melee is 20 years old and only in recent years thanks to the extensive 

endeavors of fans, it has been made possible to get detailed data from each match. A 

large reason for this delay is Nintendos active stand against modding. In comparison, 

Valve and PUBG Corp. that are the creators of the other games appear to have a 

completely opposite stand on the matter. 

Utilizing methods that are not solely based on self-reports, but also include 

objective measures of skill may aid in better understanding how expertise develops 

(Tan, Leong, & Shen, 2014). My study uses a mixed method of quantitative and 

qualitative analysis to fulfill the statement and to gain a firmer ground on understanding 

the differences between players of different expertise level. 
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While this study focused on four games, the games were chosen to represent 

their specific genres: shooting games, arena games, battle royale games and fighting 

games. The experts interviewed all said that the discussed spatial statistical tools could 

be beneficial in other games of the same genre also. However, the way they are applied 

must be considered by taking each games quirks and features into account. 

Statistical methods were used on a cross-sectional data to achieve results that 

can be extrapolated to the whole population of the player bases of the games. The 

results being highly similar regardless of game (or genre), it has become apparent that 

the results gained also apply on other games in the studied genres, as well as other 

genres also. However, the specific spatial analytical techniques and tools that can be 

used must be considered carefully depending on the game, because no game is exactly 

the same. 

6.3 Answers to research questions 

The study resulted in answers that work as metrics for the research questions and hed 

light on the phenomenon of spatial analytics in e-sports. The prominent findings can be 

seen summarized in Figure 26. 

Question 1: How does game and genre affect the use of spatial analysis? 

It was shown that the effect of game and genre on the use of spatial analysis is 

rather small through a mixed method study that combines qualitative and quantitative 

analysis. Positional and spatial aspects are the top skills needed for all target games. The 

analysis of these topics is done very similarly in all games: through watching replay 

videos, thinking about the game and having conversations with other players. The tools 

most commonly used for doing spatial analysis are in-game tools and video tools. Out 

of spatial analytical techniques, heatmaps are the most common way of visualization. 

Additionally, players analyze spatial aspects using buffer analysis, for example when 

analyzing attack ranges, but might not acknowledge the term. Players in all games do 

analysis quite frequently, and at least when something particularly interesting has 

occurred in the game. The biggest differences in the game-wise data were the use of 

modifications, that is proportionally higher for Melee. The game has been updated by 

players to modern standards using modding, adding replay, data acquisition and 
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analytical features. Players in all games are equally interested in using new spatial 

analytical tools regarding their own gameplay data. 

The null hypothesis with this research question was that the use spatial analytics 

is highly dependent on the game and genre. Based on the results of the mixed method 

study, the null hypothesis is rejected. The way how spatial analytics are used is similar 

regardless of game and genre, and so are the attitudes of players towards it. With that 

being said, while similar analytical techniques can be used in different games, the 

implementation must be carefully fine-tuned using expert knowledge of the game to 

result in a tool that benefits gameplay. 

Question 2: How do different skill level players utilize spatial analysis? 

It was shown that higher skill level players utilize spatial analysis more than 

lower skill level players, and that it is exceedingly rare that experts do not analyze 

spatial aspects (Figure 26). Higher level players use more advanced spatial analytical 

techniques than lower skill level players, such as detailed data analysis, as well as 

having a better understanding of different spatial analytical methods. It is also 

exceedingly rare that expert players do not know any spatial analytical methods and do 

not know how to take advantage of them. Higher level players also do spatial analysis 

more frequently than lower skill level players. Additionally, higher level players require 

more context and detailed information regarding the spatial analytical tools they use 

than lower level players.  

The differences of skill-based answers between games were also very small, as 

no options in any of the survey questions showed an opposite relationship between skill 

level and proportional frequencies. The only differences were that some games showed 

a statistically significant coefficient, but the others did not. Major differences were that 

PUBG players value data visualization tools as well as replay tools proportionally more 

with higher skill levels. Other discrepancies were mainly related to the expert level 

answers being somewhat different when compared to other games. For example, Dota 2 

experts use video tools proportionally less than experts in other games, Melee experts 

do not do spatial analysis as systematically as other games experts, while they use text 

guides proportionally more written guides for spatial analysis of static elements of game 

than other experts. 
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Figure 26. Prominent findings of this study summarized into a fishbone diagram. 
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Question 3: What kind of new spatial analytics tools would be beneficial in gaming? 

The null hypothesis with research question 2 was that there is no relationship 

between skill level and use of spatial analysis. Based on the results of the cross-

validated mixed method analysis conducted in this study, it can be concluded that there 

is a relationship between skill level and use of spatial analytics: higher level players 

utilize it more frequently and use more advanced methods. This indicates that the 

understanding of spatial aspects of a game, and the ability to take advantage of spatiality 

is an indicator of skill in competitive gaming. 

New spatial analytical tools were asked from players of all skill levels. The tools 

that were the most needed were regarding spatial data visualization, spatial data 

analysis, and data acquisition. Experts hoped for tools regarding visibility, pathfinding, 

and ranges. Static visualizations of aggregated spatial data were also hoped, but they 

would need to be highly contextualized, and accompanied with the possibility of 

viewing individual records of data. Especially in-game tools would be useful to players 

as they would allow players to test them more interactively. The tools must be easy to 

use, easy to interpret, created with expert knowledge of game and most importantly, 

needed by the players. 

6.4 Significance of results 

What did we not know before? The literature that existed before this study were limited 

regarding the usefulness of spatial analytical tools in different competitive video games. 

It was also unknown what the relationship is between games and spatial analysis 

conventions. Skill-based differences on the use of spatial analytics were also 

undocumented, as well as how the skill-wise effects differ between different games. The 

needs players of different genres have regarding spatial analytics was also not known. 

It has become clear that the use and understanding of spatial analytical tools and 

methods is largely not game- or genre dependent. A part of the question on what 

differentiates an advanced player from a novice was also answered. Studying subjects 

with varying levels of skill in the domain of complex strategy oriented video games 
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allows a powerful insight into the development of expertise (Castaneda, Sidhu, Azose, 

& Swanson, 2016). Understanding of the use of and attitudes towards spatial analysis 

eliminate ambiguity of what experts actually do to prevail in their game. This study also 

shed light on the types of new spatial analytics tools that are needed, as well as players 

attitudes towards them. The way players perceive spatiality was also partially 

investigated. The results and information gained in this study can lead to a change in 

game analytics. Creating new tools for spatial analytics is something useful for 

competitive gaming as a whole, as it gives players better ways of understanding their 

tendencies and possibilities with objective data. The open field questions in the survey 

study as well as expert interviews suggested that the inclusion of more detailed and 

mold-fit spatial analytical tools can lead to a new era of competitive gaming. E-sports 

being a rapidly growing phenomenon, the analytics that support its growth should 

follow. 

Spatial analytics are commonly associated with geography of the real world. 

Virtual spaces are as valid environment for spatial analytics methods. A large amount of 

people utilize spatial analytical tools, often with very advanced techniques. Some of 

these tools also function as small geographical information systems. This accompanied 

by the need of new tools and interest in the field tells that more specialists from the 

domain of geography and GIS are needed in the world of gaming. 

Analytical techniques have been a part of e-sports for a long time. When 

competitive gaming grows, so does the need for more advanced and more specific 

techniques. The survey respondents and subjects of expert interviews reflected that 

exploratory analytics are needed to figure out new ways of understanding the game. 

This means the results of my study hold significance also hold importance for data 

science. There is a need for data scientists especially knowledgeable about spatial 

analytical techniques. Additionally, from the analytical standpoint, this study was first 

of its kind to study analytical techniques used in e-sports.  

E-sports being a growing field, analytical tools can give an advantage to a team 

over the other, so teams often have analysts working. These analysts and teams in 

general, benefit from the tools described in this study, so it holds significance also from 

the e-sports market point of view. Gaming companies like Valve and PUBG Corp. have 

included some native tools already in their game, and this study can be viewed as a 
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market study to improve their products also. Nintendo with their hostility towards 

modding, may learn from their competitors one day and see the growth of e-sports with 

all of its adverse effects as mutualistic, instead of parasitic. 

The results also reveal new information to the psychological disciplines of 

spatial cognitive and behavioral studies. The way players perceive and dissect the 

complex systems of video games and the virtual worlds in their minds is touched upon 

in this study. Games are understood similarly regardless of if they are played in a 2D or 

3D space. Additionally, players look at a two-dimensional map representation and 

transform them into three-dimensional spaces in their mind, applying the laws of the 

games to the imagined 3D world. 

The skill level aspect in this study is is related to pedagogical science. This study 

explains expertise with regards to spatial analytical tendencies and skills. It explains 

what the differentiating factors of players of different skill groups are with regards to 

understanding and conducting spatial analysis. 

Finally, perhaps the most significant factor is the combined effect of these fields. 

The results of this study work as a conversation starter between all these disciplines. 

What transformations can exploratory spatial analysis cause to the field of e-sports? 

Could a spatial analytical tool be created that takes specific skill levels into account? 

Could a player skill level be determined better using spatial analytics, and can gaming 

companies utilize the information to enhance their products? Could gaming companies 

utilize spatial analytical tools to further balance and optimize their games, or to make 

them more user friendly? Could the human understanding of virtual spaces give 

possibilities to other fields of technology? 

6.5 Future work 

While these results strongly indicate that there is very little difference between genres, it 

is possible that there are genres whose competitive players do not analyze spatiality in 

the same way. Prominent competitive genres that would need a closer examination are 

strategy, sports, and puzzle games. 

For a better understanding on how skill level and spatial analysis are linked, more 

detailed study on different aspects of the problem should be conducted. For example, 



 

148 

 

the understanding of map visualizations may not be as clear as stated in this study, even 

though content analysis was done on the open-field questions of the survey. 

One question that roamed my mind while writing this thesis was: “How does spatial 

analysis relate to other ways of analysis in competitive gaming?” This is another aspect 

that was not fully explored in this study. Players did think positioning and movement 

are the most important factor in gaming, but it does not necessarily correlate with the 

importance of analyzing them. The Dota 2 expert shared their opinion that spatial 

analysis with static visualizations is not as useful as analysis regarding general non-

spatial strategy elements. The importance of spatial analysis when compared to other 

types of analysis is not clear and was not definitely measured. 

For future work, I recommend collaboration with experts from other fields of science in 

an interdisciplinary fashion. The topic of analyzing space in a video game is a multi-

faceted problem that requires knowledge from the fields of geography, computer 

science, behavioral science, psychology, pedagogy, economics, and others. If 

researchers from these fields joined forces, new explorations regarding the topic could 

be done with no doubt. 
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7 Evaluation of credibility 

7.1 Transparency 

To achieve transparency in my thesis, the reasoning for choosing the target games was 

described in the research background section. I have explained the methods used for 

studying the subject of spatial analysis in competitive gaming thoroughly. Three 

research questions were formed, and they were presented in the Research problem and 

research questions-chapters, along with their intentions, hypotheses and how they are to 

be measured. In the end, answers to the research questions were provided based on 

statistical quantitative, and qualitative analysis. 

The basis for selection of literature for literature review was reported, along with 

the search engines and search terms. The results of literature review were reported and 

evaluated considering the popularity of each game. The method of creating the survey 

questions was described in detail, with the motivation drawn from existing literature. 

The gathered sample was described thoroughly, as well as where and when it was 

gathered. Preprocessing of data was described in detail.  

The statistical techniques for quantitative data, as well as the machine learning 

and qualitative techniques were described in the methods section. The limitations and 

caveats of these techniques were also discussed, and various underlying assumptions for 

these techniques were statistically tested, with the results reported. A lot of attention 

was paid to the credibility of results to minimize error: a mixed method of statistical 

was used and the results were compared. Additionally, all the visualizations and all 

phases of analysis were reported and added to this report and appendices. Only the 

statistically significant results were considered when extrapolating the results to a larger 

population. 

The interview study subjects were kept anonymous to protect their identity, but I 

confirm that the descriptions given on the characters hold true. The questions and topics 

discussed in the interviews were reported and the results are written in detail. To 

achieve an objective result, both the benefits and challenges of spatial analytics in 

competitive gaming were discussed. 
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References of citations and sources of information were reported and gathered in 

the references section. All information not reported as a source was my own general 

knowledge. I hereby confirm that this thesis was written independently by myself 

without the use of any sources beyond those cited, and all passages and ideas taken 

from other sources are cited accordingly. 

7.2 Limitations 

Despite my best efforts in trying to find answers to the research questions as objectively 

as possible, some limitations did occur during the process of making this study. For the 

background and literature review part of this study, there was limited scientific sources 

available regarding spatial analysis in competitive gaming. The field is not researched 

thoroughly, which limits the available information around the subject. Additionally, 

some sources such as the tables for e-sports viewership and popularity are done by 

private companies that seek revenue, therefore they may not be as objective as they 

seem. 

The survey questions proposed some problems, as some respondents contacted 

me on the social media platforms where I collected the data that they had had trouble 

understanding them. Especially regarding the meaning of spatial analysis. An 

explanation of what spatial analysis can mean, especially in a gaming context was 

provided, but it appears not all respondents had taken the time to read it, or still could 

not understand it. In hindsight it was also noted that the choices for question 9 could 

have been more similar to question 8, as they appeared to lack some options that could 

have been added. Additionally, some commenters said that questions 8 and 9 were 

worded poorly. For question 15, the examples given were different for each game, 

making the comparison of answers difficult. Regarding the data gathered for the survey, 

the independence of answers is not certain, as it is possible that a person has answered 

multiple times. The independent variables are not dependent on the exogenous variable, 

but the question answers may be somewhat connected to the skill level through the 

sampling technique. Respondents were gathered from gaming forums where people are 

inclined to be interested in the game. Also, respondents are probably more inclined to 

be interested in advanced mechanics and metagame, which may skew the data. It is also 

possible that in the preprocessing phase of data, some respondents were moved to a 
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different skill group erroneously. Additionally, over- and under sampling may include 

error in the data. In the data analysis, it was noticed that multicollinearity exists in the 

data, introducing further problems into ordinal regression. 

Some of the expert interviews were conducted in English, which is not my native 

language, introducing a small language barrier. Some interviews were conducted in 

Finnish, and translated into english language, which may cause some differences in the 

interpretations. It is also possible that because the interview subjects agreed to the 

interviews, they may be skewed towards having a positive opinion on the usefulness of 

spatial analytics in competitive gaming. 

7.3 Personal ties 

I am a geoinformatics masters student who is interested in spatial analytics and data 

science. My bachelors thesis was about spatial analysis in game development. I have 

been playing video games since I was a child and have played all of the four target 

games in this study. I have been an active member in the Finnish Super Smash Bros. 

competitive scene. I am interested in competitive gaming in general and like to watch e-

sports tournaments of all the target games.  
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8 Conclusions 

The aim of this study was to identify how game and genre, and skill level affect the use 

of spatial analysis in competitive gaming, as well as the needs for new tools regarding 

spatial analysis. The problem was studied specifically in the popular competitive 

gaming genres of shooting, multiplayer online battle arena, battle royale and fighting. 

One game was selected to represent each genre: Counter-Strike: Global Offensive, Dota 

2, PlayerUnknown’s Battlegrounds and Super Smash Bros. Melee. A mixed method of 

literature review, questionnaire study and a series of expert interviews was chosen for 

exploring the problem. Data for the survey was collected from online gaming forums 

such as Reddit and Discord. One expert from each of the target games was interviewed 

for deeper understanding of the topic.  

The survey data was analyzed by using predictive models to gain information 

about the relationships between the game and skill level of players with regards to their 

answers. The values analyzed were permutation feature importances from a histogram-

based boosted regression classifier, as well as statistically significant coefficients from 

ordinal logistic regressions and separate binary logistic regressions. Open-field 

questions were summarized using state-of-the art deep learning tool BART: an arbitrary 

text summarizer. The summarized datasets, as well as the expert interviews were 

analyzed with inductive content analysis. 

The literature that existed before this study were limited regarding the usefulness 

of spatial analytical tools in different competitive video games. With this study, it 

became clear that the use and understanding of spatial analytical tools and methods is 

largely not game- or genre dependent. A part of the question about what differentiates 

players of different skill levels was also answered (Figure 26). Players grow spatial 

skills along with their skill level and start using more complex spatial analytical 

methods more frequently as their skill level rises. It is exceedingly rare that expert 

players do not analyze spatial aspects of their gameplay or the game itself to improve 

their gameplay. The use of spatial analysis and the attitudes towards it eliminate 

ambiguity of what experts actually do to prevail in their game. This study also shed 

light on the types of new spatial analytics tools that are needed, as well as players 

attitudes towards them. There is a need for different kinds of spatial analytics tools in all 



 

153 

 

competitive games, and the benefits of advanced tools to a player can be large. 

However, the tools need to be highly contextualized, fine-tuned for each game 

specifically, and tailored to the players’ needs. 

The results in this study can lead to a change in how players interested in 

competitive gaming analyze the game and their gameplay. Creating new tools for spatial 

analytics is something useful for competitive gaming as a whole, as it can provide 

players with an objective metric on what lead to the outcome of a match. The inclusion 

of more detailed and mold-fit spatial analytical tools can lead to a new era of 

competitive gaming. E-sports is a rapidly growing phenomenon, and the analytics that 

support its growth should follow. 

The topic of analyzing space in a video game is a multi-faceted problem that 

requires knowledge from the fields of geography, computer science, behavioral science, 

psychology, pedagogy, economics, and others. If researchers from these fields joined 

forces, new explorations regarding the topic could be done with no doubt. 

Doing research or writing a thesis may feel formal and serious. However, research 

is a creative process that flows from the mind of its author with all of its uncertainties 

and moving parts. With these moving parts, researchers discover a space they explore 

using the methods of science. It should not be forgotten that for the space of research 

and video games, the same statement holds true: spatiality in gaming stands not only for 

the optimal, but also for the fun. 
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Appendices 

Appendix 1. Questionnaire 

Spatial analysis in gaming and e-sports: a survey 
This is a questionnaire for the masters thesis of Timo Ijäs, Department of Geosciences and Geog-

raphy, University of Helsinki. email: timo.ijas@helsinki.fi Twitter: https://twitter.com/Kimotim-

omusic 

 

The results of this questionnaire will be used for analysis in the masters thesis of Timo Ijäs. The 

thesis will be published online by the Department of Geosciences and Geography, University of 

Helsinki in Spring 2021. 

 

By answering to this questionnaire, you give permission to use your answers for the analysis. The 

answers are confidential and results will not be published in a way where they could be con-

nected to individuals. Regarding European data protection law, you must be over 18 years of age 

to be able to take part in this survey. All answers from persons under 18 years old will be de-

leted. The data is stored on my personal Google Drive and locally on my computer. 

 

The questionnaire has 16 questions, mainly multiple choice, and it takes about 10 minutes to fill. 

The study focuses on four games from different genres, and I ask you to focus on only one of 

them when answering the survey. The survey will be open until 21.12.2020 or until I get enough 

responses. 

*Required 

Are you 18 years or older? * 

 Yes 
 No 

Q1: Which game will your answers in this questionnaire regard? (Choose the 

game you are the most familiar with) * 

 Dota 2 
 PlayerUnknown's Battlegrounds 
 Counter-Strike: Global Offensive 
 Super Smash Bros. Melee 

Q2: What is your played time in the game you chose in Q1? * 

 0 - 200 hours 
 201 - 500 hours 
 501 - 1000 hours 
 1001 - 2000 hours 
 2001 - 5000 hours 
 over 5000 hours 

mailto:timo.ijas@helsinki.fi
https://www.google.com/url?q=https://twitter.com/Kimotimomusic&sa=D&source=editors&ust=1618446628350000&usg=AFQjCNF_JuybfnvK7XTKQx2_JouVnYOj9Q
https://www.google.com/url?q=https://twitter.com/Kimotimomusic&sa=D&source=editors&ust=1618446628350000&usg=AFQjCNF_JuybfnvK7XTKQx2_JouVnYOj9Q


 

 

Q3: On average, how many hours per week do you spend playing or practicing 

the game? * 

 0 - 5 hours 
 6 - 10 hours 
 11 - 20 hours 
 21 - 30 hours 
 more than 30 hours 

 

Q4: How many tournaments have you attended to in the game as a player? 

(Tournament: Gaming event with a prize pot/ separate tournament organizers/ 

streamed online) * 

 0 
 1 - 5 
 6 - 10 
 11 - 20 
 Over 20 

 

Q5: Please evaluate your skill level in the game. (Descriptions are general guide-

lines.) * 

 Novice (New to the game/ low rank online/ shallow knowledge) 
 Advanced beginner 
 Competent (Good knowledge of advanced mechanics /mid-high rank online /inconsistent 

placements at tournaments) 
 Proficient 
 Expert (e-sports Athlete/ Consistenty high placements at big tournaments/ Top 200 in 

world/game scientist) 

 

Q6: What interests you most in the game? (Select at least one) * 

 Competitiveness 
 Entertainment 
 Single player modes 
 Game genre or series 
 Social aspects or community 
 Multiplayer 
 High skill ceiling 
 Freedom of skill 
 Popularity 
 Other: 

 

 

 



 

 

Q7: What kind of knowledge and skills are most needed for succeeding in the 

matches you have played? (Select at least one) * 

 Good reaction time 
 Knowledge of advanced mechanics 
 Game knowledge (characters, abilities, maps, weapons) 
 Positioning / movement 
 Game sense 
 Strategy (character pick, playstyle) 
 Technical / mechanical skills (precise timing of correct inputs) 
 Map / spatial awareness 
 Teamwork and communication 
 Stress management 
 Other: 

 

 

Spatial analysis? 
In this questionnaire, spatial refers to space, area, maps / levels, location, spacing, distance or range. For ex-

ample these can refer to the positioning of the player character, locations of killing blows, or distance to 

teammates. 

 

Analysis means breaking apart a concept to study its nature and relations. Analysis covers a wide range of 

techniques, for example examining gameplay video content, gathering and analyzing data from guides or fan -

made web sites, and writing memos or reports of thoughts. 

 

Spatial analysis combines these subjects. For example to analyze the positions of player character at different 

times, gathering and visualizing data about killing blows on a map or a picture, or keeping track of distance to 

teammates and objective locations. 

 

Q8 How do you study and analyze the SPATIAL aspects of gameplay? (You can 

select multiple choices) (spatial: space, area, maps / levels, location, spacing, dis-

tance, range, positioning) * 

 Thinking about gameplay 
 Conversations about gameplay 
 Writing memos about gameplay 
 Reviewing play videos 
 Gathering and viewing spatial data about gameplay 
 Doing statistical spatial data analysis of gameplay 
 I do not analyze 
 Other: 

 

 

 

 

 



 

 

 

Q9: How do you study and analyze the SPATIAL aspects of the game itself? 

(Characters, abilities, maps, mechanics) (You can select multiple choices) (spa-

tial: space, area, maps / levels, location, spacing, distance, range, positioning) * 

 Thinking about the game 
 Studying aspects of the game inside the game 
 Studying the game from videos 
 Studying the game from forum posts, written guides or fanpages 
 Doing data analysis 
 I do not analyze 
 Other: 

 

 

Q10: How systematic is the analysis of SPATIAL aspects of your gameplay? (spa-

tial: space, area, maps / levels, location, spacing, distance, range, positioning) * 

 I do analysis regularly and systematically 
 I do analysis often 
 I do analysis in specific occasions 
 I almost never do analysis 
 I never do analysis 

 

Q11: With the assistance of others or by yourself, what tools have you used for 

SPATIAL analysis? (You can choose multiple choices) (spatial: space, area, maps 

/ levels, location, spacing, distance, range, positioning) * 

 In-game tools 
 Video tools 
 Literary / text editing software 
 Mods 
 Data visualization tools 
 Data analysis tools 
 None 
 Other: 

 

 

 

 

 

 



 

 

Q12: What sort of spatial analytical methods are you familiar with that can be 

used for optimizing gameplay? (You can choose multiple choices) * 

 Thematic maps (showing information about a certain theme with colors or icons on a 

map) 
 Point / Overlay maps (showing multiple layers of data on a map) 
 Heatmaps 
 Cluster / pattern analysis 
 Surface / visibility analysis 
 Distance metrics 
 Network analysis 
 Spatial buffer analysis 
 None 
 Other: 

 

 

Q13: Which improvements would you most hope to have in the game regarding 

SPATIAL analysis? (spatial: space, area, maps / levels, location, spacing, dis-

tance, range, positioning) * 

 Better tools for acquiring data 
 Better tools for visualizing data 
 Better tools for capturing video 
 Better tools for data analysis 
 It's good as it is, no tools needed 
 Other: 

 

 

Q14: Could you give an example, where SPATIAL analytics has been or could be 

beneficial in the game? (spatial: space, area, maps / levels, location, spacing, dis-

tance, range, positioning) * 

Your answer 

 

 

 

 

 

 

 



 

 

Here are two examples of spatial data visualization. Please check out the links 

under your game of choice, and then answer question 15. Make sure to open the 

link in another tab! (right click/ tap and hold on mobile -> open link in another 

tab) 
 

 

Dota 2:  

Early game encounter heatmap, "encounter" is defined with an artificial intelligence [1]. (On mobile, click "or 

continue to website) 

https://www.dropbox.com/s/idua340kbo8s4oz/dota2%20encounter%20heatmap.png?dl=0 

 

Pathable areas on map (even in-between trees), based on the Dota navigation grid [2]. 

https://imgur.com/73k9kU8 

 

 

 

PlayerUnknown's Battlegrounds:  

Heatmap of chicken dinners in Season 5 matches. The brighter and redder the color is, the more final kills oc-

curred [3]. 

https://gosu.ai/blog/content/images/2019/11/image-39.png 

 

Movements 10 000 players on Erangel map (video) [4]. 

https://vimeo.com/249970399 

 

 

 

Counter-Strike: Global Offensive: 

Player aim heatmap [5]. 

https://i.imgur.com/uzZPBoZ.png 

 

Player movement aggregation map [6]. 

https://i.imgur.com/87SpySZ.png 

 

 

 

Super Smash Bros. Melee:  

Fox out-of-shield options, hitbox spatial visualization [7]. 

http://ikneedata.com/heatmaps/oos/fox.html 

 

Heatmap of Jigglypuff killing blows on Final Destination gathered from 300 matches [8]  

https://i.imgur.com/CMQqhfv.png 

 

 

Q15: Tell about your thoughts on the spatial data visualization pictures above. * 

Your answer 

 

 

https://www.google.com/url?q=https://www.dropbox.com/s/idua340kbo8s4oz/dota2%2520encounter%2520heatmap.png?dl%3D0&sa=D&source=editors&ust=1618446628377000&usg=AFQjCNGTB_xpx-V92KhGUv8CkFUUQGl0Dw
https://www.google.com/url?q=https://imgur.com/73k9kU8&sa=D&source=editors&ust=1618446628377000&usg=AFQjCNES9mKgvW2y9nrlbSHNBDtGes2dsA
https://www.google.com/url?q=https://gosu.ai/blog/content/images/2019/11/image-39.png&sa=D&source=editors&ust=1618446628377000&usg=AFQjCNHyQNy50hj4V9Bumh6sBWDydCx1bg
https://www.google.com/url?q=https://vimeo.com/249970399&sa=D&source=editors&ust=1618446628377000&usg=AFQjCNGWyyBpi_F5sKSV-feYOVswDj9tiQ
https://www.google.com/url?q=https://i.imgur.com/uzZPBoZ.png&sa=D&source=editors&ust=1618446628377000&usg=AFQjCNGuiPkqtRdzECz9gPxg-UteONhXOA
https://www.google.com/url?q=https://i.imgur.com/87SpySZ.png&sa=D&source=editors&ust=1618446628377000&usg=AFQjCNFPVL33BKTXcmnWnXO-umK-bdnk-g
https://www.google.com/url?q=http://ikneedata.com/heatmaps/oos/fox.html&sa=D&source=editors&ust=1618446628377000&usg=AFQjCNFP0t8Ocu7gJPx8bp1QLc0CR1bO9w
https://www.google.com/url?q=https://i.imgur.com/CMQqhfv.png&sa=D&source=editors&ust=1618446628378000&usg=AFQjCNFb5iAwcGQ-YYDjHG8TDCD_PF7nyw


 

 

Q16: If you could have access to tools for this kind of spatial analysis of your own 

play data, would you use them? * 

 Would use often 
 Would use sometimes 
 Probably would not use 
 Would not use 

 

(Optional) I would like to also do an interview with different skill level players 

about this subject with a voice call. If you are willing to help, please write your 

email address. 5-10 people will be chosen randomly for the interview from the re-

ceived emails. The interview data is confidential and anonymous. Emails won't be 

used for analysis or published. Information about emails will be destroyed after 

interviews are complete. Thank you! 

 

Your answer 

 

Thank you for answering! If you think this is cool, please consider sharing this 

form on your social media or discord server, or asking a friend to fill it too! :) 
Twitter: https://twitter.com/Kimotimomusic 

 

If you have answered all the required fields, the survey is complete! Please click submit below!  

 

Sources for pictures: 

[1]: Schubert, M., Drachen, A., Mahlmann, T. E-sports Analytics Through Encounter Detection. 

https://www.researchgate.net/publication/295861293_E-sports_Analytics_Through_Encounter_Detection 

 

[2]: Reddit user listix. I made the a map that shows the navigation mesh of the game. https://www.red-

dit.com/r/DotA2/comments/5j41xa/i_made_the_a_map_that_shows_the_navigation_mesh/ 

 

[3]: GOSU.AI. Zhukov, A. Chicken Dinner - Heatmap. https://gosu.ai/blog/pubg/chicken-dinner-heatmap/ 

 

[4]: Bennett, T. Ten Thousand Players on Erangel. https://vimeo.com/249970399 

 

[5]: GitHub user pawREP. CSGO-aim-heatmaps. https://github.com/pawREP/CSGO-aim-heatmaps 

 

[6]: Reddit user PascalTheAnalyst. I performed a little movement analysis of the ESL One final match! 

https://www.reddit.com/r/GlobalOffensive/comments/2inezj/i_performed_a_little_movement_analy-

sis_of_the_esl/ 

 

[7]: iKneeData. Fox oos options heatmap. http://ikneedata.com/heatmaps/oos/fox.html 

 

[8]: Grigoryev, R. The Pink Demon: Analyzing Melee's Jigglypuff. https://swoodivarius.github.io/Final.html 

 

  

https://www.google.com/url?q=https://twitter.com/Kimotimomusic&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNHDt31hkI6N9f8EX-w7cfChsDijew
https://www.google.com/url?q=https://www.researchgate.net/publication/295861293_Esports_Analytics_Through_Encounter_Detection&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNGhGZlOfb9Mmb3NrZdYychq92sG-w
https://www.google.com/url?q=https://www.reddit.com/r/DotA2/comments/5j41xa/i_made_the_a_map_that_shows_the_navigation_mesh/&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNF2GcTrnuBMB7Hmk0Hwlbj_ng210w
https://www.google.com/url?q=https://www.reddit.com/r/DotA2/comments/5j41xa/i_made_the_a_map_that_shows_the_navigation_mesh/&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNF2GcTrnuBMB7Hmk0Hwlbj_ng210w
https://www.google.com/url?q=http://GOSU.AI&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNGc3u98yuDiN8YEnTQz8e9q5qjUfA
https://www.google.com/url?q=https://gosu.ai/blog/pubg/chicken-dinner-heatmap/&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNFb1Y-3xojc3DPF3Lm2ACvEWwAXjQ
https://www.google.com/url?q=https://vimeo.com/249970399&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNHBb394DNwVApopycrujuUFbF3TVw
https://www.google.com/url?q=https://github.com/pawREP/CSGO-aim-heatmaps&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNGKFUhFB1UyMgO2qqd7NeskmiB3SQ
https://www.google.com/url?q=https://www.reddit.com/r/GlobalOffensive/comments/2inezj/i_performed_a_little_movement_analysis_of_the_esl/&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNEeqaS1DUgxsrF0YlbE9HmCClBkJQ
https://www.google.com/url?q=https://www.reddit.com/r/GlobalOffensive/comments/2inezj/i_performed_a_little_movement_analysis_of_the_esl/&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNEeqaS1DUgxsrF0YlbE9HmCClBkJQ
https://www.google.com/url?q=http://ikneedata.com/heatmaps/oos/fox.html&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNEtwSSacrOl9N3xSFniLHaR1L_2Dw
https://www.google.com/url?q=https://swoodivarius.github.io/Final.html&sa=D&source=editors&ust=1618446628381000&usg=AFQjCNHqEb9rCpwqbGSqjzDpZI7p79K2cg


 

 

Appendix 2. Articles and forum posts used for defining survey question 6 

options 

 
 

Game Website Title: URL:  

General Reddit 
What makes a good es-
port and whats the defi-
nition? 

https://www.reddit.com/r/truegaming/com-
ments/7fnys5/what_makes_a_good_es-
port_and_whats_the_definition/ 

 

General Gamasutra 
What makes a successful 
e-sports game? 

https://www.gamasutra.com/blogs/Dan-
ielStan-
ford/20170307/292977/What_makes_a_suc-
cessful_e-sports_game.php 

 

General Medium 
The 7 crucial qualities of 
a great spectator esport 

https://medium.com/@jasper.stephen-
son/the-7-crucial-qualities-of-a-great-specta-
tor-esport-63c2db8fbcd 

 

General US Gamer 
Seven essential ingredi-
ents for a successful es-
port 

https://www.usgamer.net/articles/seven-es-
sential-ingredients-for-a-successful-esport 

 

General 
Uber 

Gizmo 
What makes a good es-
port? 

https://www.ubergizmo.com/spon-
sored/what-makes-a-good-esport/ 

 

Melee Quora 
What makes Melee bet-
ter than the other Smash 
games? 

https://www.quora.com/What-makes-Melee-
better-than-the-other-Smash-games 

 

CS:GO Reddit Why is CSGO so popular? 
https://www.reddit.com/r/GlobalOffen-
sive/comments/3gbqxo/why_is_csgo_so_pop-
ular/ 

 

CS:GO Quora 

Why was CS GO such a 
popular game? What 
made the game so popu-
lar? 

https://www.quora.com/Why-was-CS-GO-
such-a-popular-game-what-made-the-game-
so-popular 

 

CS:GO Gamebyte 
Why CS:GO Is The Best 
FPS Game Of All Time 

https://www.gamebyte.com/csgo-best-fps-
game-time/ 

 

Dota 2 Reddit 
Why is Dota 2 so in-
sanely popular? 

https://www.reddit.com/r/Games/com-
ments/16hs4b/why_is_dota_2_so_in-
sanely_popular/ 

 

Dota 2 Quora 
Why is Dota 2 so popu-
lar? 

https://www.quora.com/Why-is-Dota-2-so-
popular 

 

Dota 2 Red Bull 
5 reasons for Dota 2 suc-
cess 

https://www.redbull.com/my-en/5-reasons-
for-dota-2-success 

 

PUBG Quora 
What's so good about 
PUBG? Should I get the 
game? 

https://www.quora.com/Whats-so-good-
about-PUBG-Should-I-get-the-game 

 

PUBG Reddit 
Just a question, how is 
PUBG so popular? 
What’s the appeal of it? 

https://www.reddit.com/r/truegaming/com-
ments/7l2j16/just_a_ques-
tion_how_is_pubg_so_popular_whats_the/ 

 

PUBG Quora 
Why is PlayerUnknown’s 
Battlegrounds so popu-
lar? 

https://www.quora.com/Why-is-Play-
erUnknown%E2%80%99s-Battlegrounds-so-
popular 

 

 

  



 

 

Appendix 3. Articles and forum posts used for defining survey question 7 

options 

 

 

Game Website Title: URL:  

CS:GO Team Dignitas 
How to get better at any skill in 
Counter Strike: Global Offensive 

http://team-dignitas.net/arti-
cles/blogs/CSGO/11013/how-to-get-better-at-any-skill-
in-counter-strike-global-offensive 

 

CS:GO YouTube 
From Below to Pro E01 - What is skill 
in CSGO? Part 1. 

https://www.youtube.com/watch?v=H0dKRLzy7Is&ab_c
hannel=iannntv 

 

CS:GO 
Steam Com-

munity 
 
Improving your skills on CS:GO 

https://steamcommu-
nity.com/sharedfiles/filedetails/?id=538883216 

 

CS:GO Gecon 
Improve your soft skills playing 
Counter Strike video game 

https://gecon.es/soft-skills-counter-strike/  

Dota 2 Quora 
What are some essential skills of 
good DOTA players? 

https://www.quora.com/What-are-some-essential-
skills-of-good-DOTA-players 

 

Dota 2 Reddit 
What really makes the “skills” of a 
dota2 player ? 

https://www.reddit.com/r/learndota2/com-
ments/gic9ky/what_re-
ally_makes_the_skills_of_a_dota2_player/ 

 

Dota 2 Reddit 
What is the most important 'skill' for 
a player to have? 

https://www.reddit.com/r/DotA2/com-
ments/2nfpna/what_is_the_most_im-
portant_skill_for_a_player_to/ 

 

Dota 2 Reddit 
If we're to break down dota mechan-
ics into a set of smaller mechanics to 
be skilled, what would they be? 

https://www.reddit.com/r/learndota2/com-
ments/45ww5x/if_were_to_break_down_dota_me-
chanics_into_a_set/ 

 

PUBG 
Samurai-Gam-

ers 
PlayerUnknown's Battlegrounds / 
PUBG - Basic Skills and Techniques 

https://samurai-gamers.com/playerunknowns-battle-
grounds-pubg/pubg-basic-skills-techniques/ 

 

PUBG Reddit 
Getting burnt out by PUBG... Anyone 
else lacking the skills needed to get 
that chicken dinner? 

https://www.reddit.com/r/PUBG/com-
ments/7btloq/getting_burnt_out_by_pubg_any-
one_else_lacking_the/ 

 

PUBG Gamespot 
PUBG Guide: Advanced Tips To Im-
prove Your Game 

https://www.gamespot.com/gallery/pubg-guide-ad-
vanced-tips-to-improve-your-game/2900-1513/ 

 

Melee SSB Wiki Technical skill https://www.ssbwiki.com/Technical_skill  

Melee SSB Wiki Advanced technique https://www.ssbwiki.com/Advanced_technique  

Melee Gamefaqs 
Which game requires more skill? This 
game or Super Smash Bros Melee? 

https://gamefaqs.gamespot.com/boards/975212-super-
street-fighter-iv/57355069?page=3 

 

Melee Reddit 
What are Some Skills to Learn to 
Transition from "Good" to "Pro"? 

https://www.reddit.com/r/smashbros/com-
ments/a705bx/what_are_some_skills_to_learn_to_tran
sition_from/ 

 

Melee Smashboards 
Melee Fundamentals: A Comprehen-
sive Index 

https://smashboards.com/guides/melee-fundamentals-
a-comprehensive-index.1107/ 

 

Melee Smashboards The Four Aspects of Melee 
https://smashboards.com/threads/the-four-aspects-of-
melee.94597/ 

 

  



 

 

Appendix 4. Characteristics of frequent video game players 

 

 

  

 

Reaction 
time 

Advanced mechanics Game sense Mood Strategy 

Processing in-
formation 

quickly 

Finding sources of infor-
mation outside game 

(i.e. online) 

Managing inventory 
and resources 

Increasing 
attention 

span 

Managing inven-
tory and resources 

Rapid deci-
sion- making 

Gathering Intelligence 
from within the game 

Knowing when to 
gather more recon-

naissance 
Focus 

Knowing when to 
gather more re-

connaissance 

Thinking on 
your feet 

Progression and build 
up 

Understanding the 
status of the situa-

tion 
Courage 

Progression and 
build up 

Reaction 
speed Reac-

tion time 

Knowing when to back 
off 

Making decisions in 
real life 

Motivation 
Managing infor-

mation 

Reflexes 
Knowing how the game 

reacts 
Situational aware-

ness 
Persistence 

Engaging the en-
emy 

  Analytical prowess Pattern recognition Thinking 
Planning and coor-

dination 

  General skills Attention to detail 
Staying 
awake 

Risk taking 

    Anticipate situations  Leadership 

    
Assessing the situa-

tion 
  Timing 

    Engaging the enemy   Strategy 

    Adapting   Followership 

    Risk taking     

    Keeping track     

    Thinking     

    Judgment     

    Logic     

    Competition     

    Experience     

    General skills     

    Multitasking     

 

 

 

 



 

 

Game Knowledge Technical skill Positioning 
Spatial aware-

ness 
Teamwork 

Finding sources of in-
formation outside 
game (i.e. online) 

Memory such as 
working with combi-
nations of buttons 

Understanding 
the status of 
the situation 

Processing in-
formation 

quickly 

How to work 
with diverse 

cultures 

Gathering Intelligence 
from within the game 

2-dimensional oper-
ations 

Attention to 
detail 

Knowing when 
to gather more 
reconnaissance 

Managing in-
formation 

Learning the skills of 
adversaries 

Hand-eye coordina-
tion 

Anticipate situ-
ations 

Understanding 
the status of the 

situation 

Sociological 
interactions 

Progression and build 
up 

Precise control 
Knowing when 

to back off 
Situational 
awareness 

Planning and 
coordination 

Knowing how the game 
reacts 

Risk taking 
Hand-eye coor-

dination 
Pattern recogni-

tion 
Communica-

tion 

Analytical prowess General skills Precise control 
2-dimensional 

operations 
Leadership 

Keeping track Timing   
Anticipate situa-

tions 
Mediation 

General skills     
Knowing when 

to back off 
Teamwork 

      
Assessing the 

situation 
  

      
Spatial relation-

ships 
  

      Keeping track   

      General skills   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

 

Appendix 5. Spatial data analytics tools and their functionalities for 

CS:GO, Dota 2, PUBG and Melee 

Dota 2     

Name URL Functionality 

DotaPlus https://www.overwolf.com/app/Overwolf-DotaPlus Statistics 

OpenDota https://www.opendota.com/ Statistics, Map visualization 

DotaBuff https://www.dotabuff.com/ Statistics, Map visualization 

Gosu AI https://gosu.ai/dota In-game analytics 

VisualizAncients 
https://people.cs.uct.ac.za/~mkuttel/VISPro-
jects2016/8BermanGwyinnHeunisMuller/visualization  

Map visualization, Statistics 

Stratz https://stratz.com/welcome Statistics 

Shadow https://shadow.gg/ Map visualization, Statistics 

Libheatmap https://github.com/lucasb-eyer/libheatmap Map visualization 

Dota2-Simple-Replay https://github.com/Chupalika/Dota2-Simple-Replay Replay, Map visualization 

Spectral.gg Stats https://stats.spectral.gg/lrg2/ Statistics 

DotaAnalyser https://sourceforge.net/projects/dotaanalyser/  Map visualization 

Dota 2 replay viewer 
https://chrome.google.com/webstore/detail/dota-2-
replay-viewer/bkkpkppjgjgfnjpfohcmclijikae-
onjo?hl=en-GB 

Replay 

DOTA 2 Replay Manager https://d2rm.github.io/website/  Replay 

Devilesk https://devilesk.com/dota2/apps Map visualization, Range, other 

CS:GO     

Name URL Functionality 

Csgonades.com https://www.csgonades.com/  Map visualization 

CSGO Demos Manager https://csgo-demo-manager.com/  Replay 

Scope https://scope.gg/  Map visualization, Statistics, replay 

Csgotstats https://csgostats.gg/  Map visualization, Statistics 

Skybox https://skybox.gg/  Replay, Map visualization 

CSGO HUB https://www.csgohub.com/  Map visualization, Statistics 

Noesis https://www.noesis.gg/ Replay, Map visualization, Statistics 

Mentor https://mentor.gg/ Replay, Statistics, Map visualization 

SixteenZero https://sixteenzero.net/ Statistics, Map visualization, other 

PandaScore https://pandascore.co/videogames/cs-go Map visualization 

Shadow https://shadow.gg/#cs Map visualizaton, replay, Statistics 

Leetify https://leetify.com/  Other 

Rewind https://rewind.site/  Replay 

Dreamteam https://dreamteam.gg/csgo/analytics  Statistics, Range 

CSGO-Stats https://csgo-stats.com/ Other 

StatsHelix https://www.statshelix.com/  Map visualization, Replay 

Simple Radar https://readtldr.gg/simpleradar  Map visualization, Other 

DemoAnalyzer https://github.com/AronParker/DemoAnalyzer  Map visualization, Statistics 

Libheatmap https://github.com/lucasb-eyer/libheatmap  Map visualization 

Refrag https://play.esea.net/refrag  Replay, In-game analytics 

Csgoverview 
https://laptrinhx.com/a-2d-demo-replay-tool-
for-counter-strike-global-offensive-2867098444/ 

Replay, Map visualization 

demoinfocs-golang 
https://github.com/markus-wa/demoinfocs-go-
lang  

Map visualization, Statistics 

https://www.overwolf.com/app/Overwolf-DotaPlus
https://www.dotabuff.com/
https://people.cs.uct.ac.za/~mkuttel/VISProjects2016/8BermanGwyinnHeunisMuller/visualization
https://people.cs.uct.ac.za/~mkuttel/VISProjects2016/8BermanGwyinnHeunisMuller/visualization
https://stratz.com/welcome
https://shadow.gg/
https://sourceforge.net/projects/dotaanalyser/
https://d2rm.github.io/website/
https://devilesk.com/dota2/apps
https://www.csgonades.com/
https://csgo-demo-manager.com/
https://scope.gg/
https://csgostats.gg/
https://skybox.gg/
https://www.csgohub.com/
https://leetify.com/
https://rewind.site/
https://dreamteam.gg/csgo/analytics
https://www.statshelix.com/
https://readtldr.gg/simpleradar
https://github.com/AronParker/DemoAnalyzer
https://github.com/lucasb-eyer/libheatmap
https://play.esea.net/refrag
https://github.com/markus-wa/demoinfocs-golang
https://github.com/markus-wa/demoinfocs-golang


 

 

 

PUBG     

Name URL Functionality 

GOSU Ai https://gosu.ai/pubg/maps Map visualization 

Pubgmap.io https://pubgmap.io/ Map visualization, Statistics 

OP.gg https://pubg.op.gg/ Map visualization 

PUBGheatmap https://pubgheatmap.net/ Map visualization, Replay 

Pubgg.com https://pubgg.com/ Map visualization, Other 

Twire.gg https://twire.gg/ Map visualization, Replay 

Pubg.sh https://pubg.sh/ Map visualization, Replay 

PUBG After-Action Report https://top.gg/bot/583338302925701135 Statistics 

PUBG-Replay https://pubg-replay.com/ Replay, Map visualization 

Chicken Tracker 
https://play.google.com/store/apps/de-
tails?id=com.aslansari.chickentracker&hl=en 

Statistics, Map visualization 

Stats Tracker for PUBG 
https://apps.apple.com/us/app/stats-tracker-for-
pubg/id1397103813?ls=1  

Statistics, Map visualization, Replay 

PUBG Hub http://www.pubghub.co.uk/ Statistics, Map visualization, Replay 

Mid or Feed https://pubg.midorfeed.net/ Statistics 

DAK.GG https://dak.gg/pubg Statistics, Map visualization 

Battlegrounds.party 
http://battlegrounds.party/map/?Bal-
tic/1.89/409600x409600/V7b/b/o1:2/lBall 

Map visualization, Other 

Chicken Dinner https://chickendinner.gg/ Map visualization, Replay 

Melee     

Name URL Functionality 

iKneeData.com https://ikneedata.com/  Statistics, Range 

Melee Framedata Database http://meleeframedata.com/ Statistics, Range 

melee-framedata http://melee-framedata.theshoemaker.de/  Statistics, Range 

PGStats https://www.pgstats.com/ Map visualization, Statistics 

Slippipedia https://github.com/cbartsch/Slippipedia Statistics, Replay 

Slippi https://slippi.gg/ Replay 

Unclepunch Training Mode https://github.com/UnclePunch/Training-Mode In-game analytics, Range, Other 

 

 

 

  

https://pubgmap.io/
https://pubgheatmap.net/
https://pubgg.com/
https://pubg.sh/
https://top.gg/bot/583338302925701135
https://apps.apple.com/us/app/stats-tracker-for-pubg/id1397103813?ls=1
https://apps.apple.com/us/app/stats-tracker-for-pubg/id1397103813?ls=1
https://ikneedata.com/
http://melee-framedata.theshoemaker.de/
http://melee-framedata.theshoemaker.de/
https://github.com/UnclePunch/Training-Mode


 

 

Appendix 6. Supplementary information for survey question 7 answer 

data analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

 

Appendix 7. Supplementary information for survey question 8 answer 

data analysis  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

 

Appendix 8. Supplementary information for survey question 9 answer 

data analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

 

Appendix 9. Supplementary information for survey question 11 answer 

data analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

 

Appendix 10. Supplementary information for survey question 12 answer 

data analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

PlayerUnknown's Battlegrounds results ordinal logistic regression for 
knowledge of methods of spatial analysis     

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval 

 

Lower Bound Upper Bound  

Threshold 

Skill = 1 -2.540 0.787 10.419 0.001 -4.082 -0.998  
Skill = 2 -0.947 0.757 1.563 0.211 -2.431 0.538  
Skill = 3 1.303 0.760 2.941 0.086 -0.186 2.792  
Skill = 4 3.183 0.785 16.465 <0.001 1.646 4.721  

Location 

Thematic map -0.193 0.238 0.656 0.418 -0.659 0.274  
Overlay map -0.106 0.241 0.195 0.658 -0.578 0.365  

Heatmap 0.108 0.294 0.135 0.713 -0.467 0.683  
Cluster analysis -0.212 0.256 0.689 0.407 -0.714 0.289  
Surface analysis -0.154 0.313 0.243 0.622 -0.767 0.459  
Distance metrics 0.318 0.257 1.530 0.216 -0.186 0.823  
Network analysis -0.288 0.356 0.654 0.419 -0.985 0.410  
Buffer analysis 0.330 0.642 0.265 0.607 -0.928 1.589  

None 0.728 0.412 3.118 0.077 -0.080 1.535  
Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood Chi-Square df p-value   Chi-Square df p-value 

Intercept Only 394.785 0.000 0.000 <0.001 Pearson 303.693 283.000 0.190 

Final 383.040 11.745 9.000 0.228 Deviance 249.849 283.000 0.923 

Test of Parallel Lines Pseudo R-Square   
Model -2 Log Likelihood Chi-Square df p-value Cox and Snell 0.037   

Null Hypothesis 383.040       Nagelkerke 0.040   
General 361,395b 21,644c 27.000 0.755 McFadden 0.014   

a. Link function: Logit.             
b. The log-likelihood value cannot be further increased after maximum number of step-halving.   
c. The Chi-Square statistic is computed based on the log-likelihood value of the last iteration of the general model. Validity 
of the test is uncertain.   

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

 

Appendix 11. Supplementary information for survey question 13 answer 

data analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Counter-Strike: Global Offensive results of ordinal logistic regression of 
hopes for improvements regarding spatial analysis     

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval 

 

Lower Bound Upper Bound 
 

Threshold 

Skill = 1 -7.099 1.849 14.737 <0.001 -10.724 -3.475  

Skill = 2 -5.511 1.839 8.981 0.003 -9.116 -1.907  
Skill = 3 -3.211 1.831 3.075 0.079 -6.801 0.378  
Skill = 4 0.012 1.858 0.000 0.995 -3.630 3.653  

Location 

Data tools -1.235 0.481 6.592 0.010 -2.178 -0.292  

Visualization tools -0.936 0.463 4.089 0.043 -1.844 -0.029  

Video tools -1.293 0.498 6.739 0.009 -2.270 -0.317  

Data analysis tools -1.101 0.484 5.165 0.023 -2.050 -0.151  
Nothing -0.822 0.475 2.997 0.083 -1.753 0.109  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood 
Chi-

Square 
df p-value   Chi-Square df p-value 

Intercept Only 121.973 0.000 0.000 <0.001 Pearson 32.621 15.000 0.005 

Final 111.707 10.266 5.000 0.068 Deviance 25.727 15.000 0.041 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood 
Chi-

Square 
df p-value 

Cox and 
Snell 

0.014 
  

Null Hypothesis 111.707       Nagelkerke 0.015   
General 11.832 99.875 15.000 <0.001 McFadden 0.006   

a. Link function: Logit.           

 

 

Dota 2 results of ordinal logistic regression of hopes for improvements regarding spatial 
analysis    

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval 

 

Lower Bound Upper Bound 
 

Threshold 

Skill = 1 -3.463 1.805 3.680 0.055 -7.002 0.075  

Skill = 2 -1.112 1.798 0.383 0.536 -4.637 2.412  

Skill = 3 1.325 1.798 0.543 0.461 -2.200 4.850  

Skill = 4 3.769 1.813 4.322 0.038 0.216 7.322  

Location 

Data tools -0.138 0.463 0.089 0.765 -1.045 0.769  

Visualization tools -0.103 0.448 0.053 0.818 -0.981 0.775  

Video tools 0.334 0.559 0.358 0.550 -0.761 1.429  

Data analysis tools -0.063 0.461 0.018 0.892 -0.966 0.841  

Nothing -0.390 0.454 0.739 0.390 -1.280 0.499  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood 
Chi-

Square 
df p-value   Chi-Square df p-value 

Intercept Only 114.252 0.000 0.000 <0.001 Pearson 22.209 15.000 0.102 

Final 108.065 6.187 5.000 0.288 Deviance 22.189 15.000 0.103 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood 
Chi-

Square 
df p-value 

Cox and 
Snell 

0.007 
  

Null Hypothesis 108.065       Nagelkerke 0.008   
General 85.876 22.189 15.000 0.103 McFadden 0.003   

a. Link function: Logit.           



 

 

 

Super Smash Bros. Melee results of or-
dinal logistic regression of hopes for im-
provements regarding spatial analysis        

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval 

 

Lower Bound Upper Bound 
 

Threshold 

Skill = 1 -4.120 1.915 4.628 0.031 -7.873 -0.366  

Skill = 2 -2.381 1.908 1.557 0.212 -6.121 1.359  

Skill = 3 -0.193 1.906 0.010 0.919 -3.929 3.543  

Skill = 4 1.118 1.913 0.342 0.559 -2.632 4.869  

Location 

Data tools -0.668 0.505 1.750 0.186 -1.658 0.322  

Visualization tools -0.399 0.478 0.697 0.404 -1.335 0.537  

Video tools -0.441 0.581 0.576 0.448 -1.580 0.698  

Data analysis tools -0.278 0.503 0.306 0.580 -1.265 0.708  

Nothing -0.623 0.492 1.601 0.206 -1.588 0.342  

Model Fitting Information Goodness-of-Fit 

Model -2 Log Likelihood 
Chi-

Square 
df p-value   Chi-Square df p-value 

Intercept Only 97.124 0.000 0.000 <0.001 Pearson 9.273 15.000 0.863 

Final 93.263 3.861 5.000 0.570 Deviance 10.700 15.000 0.774 

Test of Parallel Lines Pseudo R-Square   

Model -2 Log Likelihood 
Chi-

Square 
df p-value 

Cox and 
Snell 

0.008 
  

Null Hypothesis 93.263       Nagelkerke 0.008   
General 82.563 10.700 15.000 0.774 McFadden 0.003   

a. Link function: Logit.           

 

 

 

 

 

  



 

 

Appendix 12. Supplementary information for survey question 16 answer 

data analysis 

 

 

 

Counter-Strike: Global Offensive 
results of ordinal logistic regres-
sion of interest in using new spatial 
analysis tools        

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 

95% Confidence Interval 

 

Lower 
Bound 

Upper 
Bound 

 

Threshold 

Skill = 1 -2.618 0.193 183.964 <0.001 -2.996 -2.239  

Skill = 2 -1.047 0.147 50.590 <0.001 -1.335 -0.758  

Skill = 3 1.229 0.150 67.560 <0.001 0.936 1.522  

Skill = 4 4.450 0.357 155.290 <0.001 3.750 5.150  

Location 

Often 0.370 0.314 1.388 0.239 -0.245 0.985  

Sometimes 0.172 0.214 0.644 0.422 -0.247 0.591  

Probably not 0.036 0.171 0.046 0.831 -0.299 0.372  

Never 0a 0 0 <0.001 0.000 0.000  

  a. This parameter is set to zero because it is redundant.  

Model Fitting Information Goodness-of-Fit 

Model 
-2 Log Likeli-

hood 
Chi-Square df p-value   Chi-Square df 

p-
value 

Intercept Only 82.453 0.000 0.000 <0.001 Pearson 14.602 9.000 0.102 

Final 80.672 1.781 3.000 0.619 Deviance 15.611 9.000 0.075 

Test of Parallel Lines Pseudo R-Square   

Model 
-2 Log Likeli-

hood 
Chi-Square df p-value 

Cox and 
Snell 

0.002 
  

Null Hypothesis 80.672       Nagelkerke 0.003   
General 65.061 15.611 9.000 0.075 McFadden 0.001   

a. Link function: Logit.     

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Dota 2 results of ordinal logistic regression of interest in using new spa-
tial analysis tools     

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 

95% Confidence Interval 
 

Lower 
Bound 

Upper 
Bound  

Threshold 

Skill = 1 -3.248 0.214 230.993 <0.001 -3.667 -2.829  

Skill = 2 -0.902 0.143 39.778 <0.001 -1.182 -0.621  

Skill = 3 1.529 0.150 103.437 <0.001 1.235 1.824  

Skill = 4 3.973 0.274 210.088 <0.001 3.436 4.511  

Location 

Often 0.445 0.287 2.414 0.120 -0.116 1.007  

Sometimes 0.070 0.199 0.124 0.725 -0.320 0.460  

Probably not -0.068 0.163 0.175 0.676 -0.387 0.251  

Never 0a 0 0 <0.001 0.000 0.000  

  a. This parameter is set to zero because it is redundant.  

Model Fitting Information Goodness-of-Fit 

Model 
-2 Log Likeli-

hood 
Chi-Square df p-value   Chi-Square df 

p-
value 

Intercept Only 80.002 0.000 0.000 <0.001 Pearson 8.158 9.000 0.518 

Final 76.087 3.914 3.000 0.271 Deviance 7.741 9.000 0.560 

Test of Parallel Lines Pseudo R-Square   

Model 
-2 Log Likeli-

hood 
Chi-Square df p-value 

Cox and 
Snell 

0.004 
  

Null Hypothesis 76.087       Nagelkerke 0.005   
General 68.346 7.741 9.000 0.560 McFadden 0.002   

a. Link function: Logit.     

 

 

Super Smash Bros. Melee results 
of ordinal logistic regression of in-
terest in using new spatial analysis 
tools        

Parameter Estimates Estimate 
Std. 
Error 

Wald p-value 
95% Confidence Interval 

 
Lower 
Bound 

Upper 
Bound  

Threshold 

Skill = 1 -2.207 0.226 95.033 <0.001 -2.651 -1.764  
Skill = 2 -0.464 0.195 5.652 0.017 -0.846 -0.081  
Skill = 3 1.722 0.212 65.724 <0.001 1.306 2.138  
Skill = 4 3.032 0.274 122.219 <0.001 2.494 3.569  

Location 

Often -0.669 0.361 3.427 0.064 -1.377 0.039  
Sometimes 0.004 0.271 0.000 0.987 -0.526 0.535  

Probably not 0.013 0.220 0.004 0.952 -0.418 0.444  
Never 0a 0 0 <0.001 0.000 0.000  

  a. This parameter is set to zero because it is redundant.  
Model Fitting Information Goodness-of-Fit 

Model 
-2 Log Likeli-

hood 
Chi-Square df p-value   Chi-Square df 

p-
value 

Intercept Only 74.111 0.000 0.000 <0.001 Pearson 7.628 9.000 0.572 

Final 70.005 4.106 3.000 0.250 Deviance 5.652 9.000 0.774 

Test of Parallel Lines Pseudo R-Square   

Model 
-2 Log Likeli-

hood 
Chi-Square df p-value 

Cox and 
Snell 

0.008 
  

Null Hypothesis 70.005       Nagelkerke 0.009   
General 64.354 5.652 9.000 0.774 McFadden 0.003   

a. Link function: Logit.     

 

 

 

 


