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Abstract

This research investigates the current Skill Rating system used in 5v5 competitive shooters and
analysis and breakdown of Elo, Glicko, Glicko-2, TrueSkill, and TrueSkill-2. Later in the project, an
artifact has been produced that is used to collect data on Elo and TrueSkill and a 3™ Skill Rating
system using the research to see if the current solution is a viable option in competitive shooters or
if a proprietary option for each game is better. The research concludes that the tested algorithms all
perform well but there is a clear advantage to performance-based Skill Rating systems that take into
account kills and discussion into other performance stats and how this could benefit future Skill
Rating Systems.

Introduction

Competitive shooter games have been around for over two decades and have become one of the
biggest genres in gaming, during this time titles such as Counter-Strike, Rainbow Six Siege and newer
titles such as Valorant have cultured a large player base which and drawn in by their competitive
nature. Each game queued utilizes Skill Rating systems to match you against similarly skilled
opponents to create a competitive environment for each player to show their skills. This incentivizes
players to carry on playing and improve their skill and eventually master the game (Ebtekar & Liu,
2021). The research project is going to explore and discuss current systems floors and benefits with
the outcome to create a fair and robust system. These systems need to work due to thousands of
players want to play a fair game as well as prove their abilities and climb the ladders of the rating
system. The ranking system also has a major impact on retention due to people wanting to become
better. At this current point, there are many methods to do this that will be discussed but not a
definitive best solution, this research topic is going to see if there is a best or if each version is viable
to implement into a game.

Due to the large scope of this topic, this investigation research will be focused on First Person
Shooter due to the similar mechanics throughout each game, therefore, making systems easier to
compare between games, but this research can be used in other game modes such as Multiplayer
Online Battle Arenas. As well as this the project and artifact will be looking at 5v5 games due to the
current climate of competitive shooters majority of competitive shooters use small to medium size
teams to compete at ranked play. 5v5 shooters come in many forms such as tactical shooters where
a team has an objective normally attacking or defending an objective, they must then duel using
teamwork strategy and tools supplied to complete the task. Normally this format of game has a set
round timer to complete the objective and when it is completed the round resets and the players
start again. The game ends once a set score has been reached. Counter-Strike is the most basic
example of this with the objective being to plant a bomb from the Terrorist side and the CT trying to
defend two bomb sites (Dyer, 2015).

Aims and Objectives

The first aim of the project is going to look into current solutions that have been used in real-world
and video game scenarios. It is going to look at the positives and negatives of each one as well as
show real-world data when they have been used. The systems when possible are going to be broken
down and the math behind the algorithm is going to be analyzed and explained to show how each
system works. Once the research into each system is done. Elo and TrueSkill are going to be
implemented into an artifact and data from the system are going to be collected and compared to
see the benefits of the system using personally collected data. Finally using all the research, a new
skill rating system is going to be developed and used to compare against the Elo and TrueSkill



systems to see if a novel solution can perform better or worse. The data collected and analyzed and
made into digestible graphs to be able to compare the data easily and form an outcome of this
research.

Literature Review

One of the most important concept that is needed when looking into Skill Rating systems is the Bell
Curve or Normal Distribution. The curve is a symmetrical curve that represents a bell
shape(Appendix C). This curve represents the majority of data points being close together, with
fewer data points being extremely high or lower performers. This bell curve has been shown to
represent similar skill distributions in competitive video games as well as in other games such as
Chess using this as the bases of their rating system. This happens because of the learning curve of
some games and over time a smaller and smaller population will gain these skills due to serval
factors such as natural ability and time that must be spent learning these skills to progress.

One of the most famous rating systems currently
used is ELO (Elo, 1986). This system uses the
principles ?f a n‘umerical‘representation of a Ep = 1/(1 + 10(RB —RA)/400))
player’s skill. This numerical system then breaks up

into classes of players. These in chess are represented by letters, E being the lowest at around one
thousand Elo score to A being the highest, after two thousand Elo score. Pass two thousand the
system starts to name classes from “National Candidate Master” to “Grandmaster” (Chess.com,
2020) (Elo, 1986). The system works on finding the probability of the players winning by using the
player's existing Elo score and using the formula below to calculate the points gained or lost after
the match. The elo system also uses a K value, this value is based on the weighting of the event and
game the higher the K score the more points for the players to gain or lose. The K score is between
10 and 32 when used in Chess (Elo, 1986).

Ea=1/(1+ 1085 ~R)/400))

This formula takes the 2 skill ratings (Ra and Rb) which are the current Elo scores of the players. It
then plugs them into the formula to work out the percentage chance of them winning. Which is
represented by Ea and Eb. These percentages are then either added or taken away depending on a
win or loss and multiplied by the K score. The Ra and Rb score is then amended by these amounts to
giving the new skill rating. An example of this formula is displayed in Appendix A where Player A with
1500 Elo plays against Player B with 1600 Elo. In the example Player B wins and the formula is used
resulting in Player B gaining Elo Score.

The advantages of Elo include that it is easy to interpret a player’s skill. Higher the numbers the
better the player which is an important part when building a skill rating system (lzquierdo, 2019).
The system also is robust and works proven by its longevity and its use of it in international laws and
economic laws (Edelkamp, 2021) (Elo, 1986). Elo splitting the player base into classes also allows for
fair and more even matching because it will be placed with people with similar skill ratings as each
other, meaning matches should be fair and competitive. The simplicity of the system is one of its
greatest advantages, because of the easy-to-use algorithm everyone understands how it works
therefore making it feel fair and making the player not feel cheated (lzquierdo, 2019).

Elo also has some disadvantages such as the scaling of the K factor. High-level tournaments in chess
have predefined K factors decided and calculated by the US Chess Federation (US Chess Federation,
2013) but using the system outside of chess doesn’t have a set algorithm or value that the player can
use. Therefore, new rules and systems must be implemented to use Elo in a new sport that could be
unbalanced. The other issue is the progression time of the player, the mobility of the system is very



slow compared to newer systems (lzquierdo, 2019) which means players take longer to get to their
true skill level when starting, this means that there will be a large number of games before the
player gets a fair opponent. Finally, Elo is very limited by the games that it can be used with because
the calculation can only be used by 1v1, this means any game that has a third player or team-based
game cannot use this system (Guo, 2012). Elo also doesn’t incorporate any variation or randomness
into the system that happens in games with an element of chance or luck (Edelkamp, 2021) meaning
the Elo system cannot be used in these circumstances. Decay of the player's scores doesn’t exist in
Elo and doesn’t even have an effect when the user plays again which causes unfair or uneven games,
this is where the Glicko System tries to improve upon the Elo System.

Glicko is the improvement and adaptation of the Elo system, Glicko adds a factor of reliability to the
outcomes of the game. The reliability of the player's current skill level is based on how recently they
have played and the amount they played. For example, someone who has played recently has a
higher chance their true skill level is represented by their skill rating score. Where someone who
hasn’t played in a while could have improved or deteriorated over this time meaning their score may
not reflect their true skill level (Glickman, 1998). This is represented in formulas by the notation RD
for “Rating Deviation”. The higher the RD indicates the player's score is less reliable and more likely
for random outcomes. The rating deviation always decreases when a game is played no matter the
outcome, this is because more information and a more accurate score is gained after every game
even after a loss. When calculating the Rating Deviation, a predefined rating period has to be set.
This is the period of time that the player must play a certain number of games before their RD is
increased, the Glicko system works optimally when an average of five to ten games are played in this
time period (Glickman, 1998). This would have to be worked out by the administrator of the system.

The “Rating Deviation” is set to 350 when first playing the game. This is due to the game not
knowing the base skill of a new player meaning it is at its widest possible range. When the player
plays for the first time after a new rating period, they must use this formula to work out their new

RD.
RD = min(\/RDEM + 21, 350)

The T in the formula is how many rating periods the player has missed if the player hasn’t missed
any T=1. Cis the constant decided by the administrator of the system. C is calculated by working
out how long it would take for a player’s skill to reset. Glickman assumed this to be around five years
(Glickman, 1998) which in his system means 30 rating periods each period being two months to
reset the RD to 350. Glickman also assumes an average player to have an RD of 50. In Glickman’s
case C=63.2 but this can change depending on the factors listed.

1
In10 i e [y . g(RD) = —
100 = 0-0057565 350 = v 502 + ¢2(30). 1+ 3¢2(RD?)/x2

q =

Q represents Log (10)/400 and is used in the function to work out g(RD). Once g(RD) is calculated we
can use these values to calculate E or in some formulas, it is represented as E(s|r,rj,RDj). This then
can be used to find d*2 which must include every player competing in the current rating period.
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After all of the calculations for g(RD), Q, C, E and D have been worked out it is possible to calculate
the actual rating of the player after the match. S in the formula represents a win as 1 a draw as 0.5
and a loss as a 0 and M represents a match against a player. Multiple matches against the same
player are treated as a new match and have no difference from a different player. Now knowing all
the variables and inputting them into the formula it will output a rating similar to the Elo system.

There is also a separate calculation that must be done to get the player's new Rating Deviation this
takes the input of the player's current RD and the d values and works out the player's post-game RD
from these values. This value will always decrease due to the player rating always being more

accurate after a game.
1 1

-1
Rt = \/(Wﬂ?)

The positive of the Glicko system is that computationally it isn’t very demanding and because of this,
it can be run after every match is played so the player's skill can be updated constantly (Morrison,
2019) (Herbrich, et al., 2007), which is positive when players want instant feedback from the system.
This allows the system to save and process very little data and when making a rating system for
video games that run on servers is very helpful to save compute time. Because the system is an
extension of the Elo system it has the same benefits of being simple to understand with the player
being represented now by two values. The system also has been built where new players can get
placed quicker (Glickman, 1998) into their real skill rating and has clear rules when adding them. This
means that it is easy to add players over time and place them more efficiently resulting in fewer
random matches. As well as this there is control for the administrator of the system to change the
values depending on how they want the system to work. This allows the system to be adaptable to
different games and gives the system some flexibility.

Disadvantages of the Glicko system include no tracking of player performance or how close the
game was. This is a disadvantage because the players will lose the same amount of rating even if the
game is close or not. If this was tracked the system could better place people and therefore be more
accurate (Morrison, 2019). Glicko still has the issue of only working in a 1v1 scenario meaning that in
multiplayer games the mean of the team's score will have to be taken making the game therefore
less accurate (Morrison, 2019). This also doesn’t take in variety from player to player so each player
will gain or lose the same amount. There is also the issue of stagnation of the ranks when the
player's RD is very low. This creates the issue of the player's improvement being very slow and it
would be an advantage for the player to have a higher RD to move up quicker which could be
exploited. Glickman has the solution to this issue by not allowing a player's RD to go below thirty
(Glickman, 1998).

The Glicko System also gains more improvements over time with the Glicko-2 System bringing more
factors into the calculation. This version of the calculation incorporates the player's volatility into it.
This is important due to player's performance will never truly be consistent (Glickman, 2022). This is
another value when lower shows that the player is more consistent in their performance therefore
improvement can be measured more accurately and vice versa. Like the Glicko system, the volatility
will increase if the player doesn’t compete over a rating period as the system expects change over
time. It is still recommended a rating period would cover five to ten games (Rotou, et al., 2015).

TrueSkill is one of the most well-known systems in the Video Games industry being developed by
Microsoft in 2005 for the beta of Halo 2 (Herbrich, et al., 2006) and used after on a large amount of
Xbox Live games. The reason TrueSkill was created was to deal with rating team-based games with



potentially multiple teams. TrueSkill still uses a Gaussian distribution system by Microsoft which uses
the values from Zero to Fifty to rate the player and new players start in the middle at Twenty-Five
which in the formulas are represented by u. The system skill incorporates deviation of the player skill
like the Glicko system and is set to 8.333 as a new player (Dehpanah, et al., 2020). This is the formula
represented by o. This allows the system to know if the victory is unlikely and calculate the
difference it will make to the player's rating.

TrueSkill is shown to have fewer errors compared to Elo and Glicko when predicting games as shown
via sample data pulled from PUBG: BATTLEGROUNDS (KRAFTON. Inc, 2017). This was measured by
calculating the “Mean Absolute Error” of over One Hundred Thousand games and over Two Million
players (Dehpanah, et al., 2020). As well as this the data shows that TrueSkill is the best at rating
new players as well as frequent players and described as the “best performer overall” (Dehpanah, et
al., 2020). This data set being large cannot be fully relied upon due to the game being a “Battle
Royal” genre meaning it is Free For All and therefore may not translate to other games. This point is
once again proven in the data for Halo 2 when measuring the match quality. In data produced by
Microsoft, it shows that the system is better than Elo at finding matches that are considered
competitive but only in “Free For All” and “Head to Head” modes. Using the TrueSkill system meant
having closer matches as well as more draws. When moving to “Small Team” game modes it fails to
beat Elo. This is possible due to more players meaning more volatility in their skill levels at the time
of the games (Herbrich, et al., 2006).

The first version of TrueSkill has a glaring issue. That it assumes that a player's performance is
separate from other players within the team and teamplay isn’t taken into consideration. An
example of this could be having to go in first in a tactical shooter game where you are more likely to
get killed first and have less chance to have an even or fair fight. The system doesn’t take into
account that the player could have sacrificed for the team. The other issue with TrueSkill was during
the testing of the system in Halo 2 it showed higher prediction errors when used in smaller teams
(Herbrich, et al., 2006). Show in Appendix B. In the case of a 4v4 full run Elo performed better than
TrueSkill but it was also shown in closer matches to be more accurate and with a lower error rate.
Even taking this into account the difference is very low but not insignificant.

In 2018 Microsoft published Trueskill-2, this system added to the original and looked at the flaws of
TrueSkill and tried to build upon them. They had serval criteria that they wanted to meet. These
were Support for team games, changeable skills rating, and single number representation which was
possible in TrueSkill but they also wanted to add additional requirements. (Minka, et al., 2018)
Aligned incentives were important because they want the player to work for the overarching goals
instead of being selfish and exploiting the systems to gain rating. They also want minimal training
data because it is difficult to test the data with systems before releasing it into a game, as well as
low computational costs meaning running the system should be cheap for the company to update.
Finally, minimal tunning needs to get to work this the game as it is being implemented.

Trueskill-2 considers more data points, such as kills and deaths in addition to the win and loss. This is
a dramatic change because it separates the player's performance from the rest of the teams
allowing for a more accurate representation of the player's skill rating. It also handles player quitting
or disconnecting as a loss punishing the player for this to avoid people leaving to avoid rating
decreasing. This could have been used previously as an exploit and will now allow the other team to
gain the rating they have earnt. Trueskill-2 also now uses data from other game modes to more
accurately predict where they are going to be placed in a new mode, this is because it is assumed
that the player's skills will translate through modes if they are similar for example being 2v2 to 5v5
because the player has the base skills they have developed, and they are now using it in a larger



team game. The system now has a bias toward newer players meaning the first few games have a
large swing on the player's rating as the system now understands that a large range of skills is
possible. This could mean more accuracy quicker in the player's ranked experience. Finally, the
system now takes into account the performance increase when the player is queuing with other
people and can balance the teams more effectively. This has been proven as a team that plays
together regularly develops a “Collective Intelligence” and skills where they can adapt quickly to a
range of different scenarios (Kim, et al., 2017).

With all these new features that have been implemented, Trueskill-2 can predict results more
accurately as well as give more accurate skill ratings to the player. This is also shown the
improvement of the predictive accuracy being 52% for the original but with this update, it is around
68%. Microsoft implemented Trueskill-2 into Gears of War 4 and believe the system was superior
and worked well. Microsoft also uses this skill rating on the player to change the difficulty of the Al in
the game to challenge the player. This provides feedback to the designers about the average skill of
each player.

Trueskill-2 doesn’t come without its disadvantages with the main issue being the complexity and
difficulty of implementing it into other games. As well as this Microsoft keeps the inner workings and
balancing of the model private. Because it isn’t fully disclosed the system is impossible to replicate
all that is available is the variables it takes into consideration, this is to stop people from finding
exploits in the system or simply coping with their research and work. The metrics they collect also
are basic with just Kills and Death collected which in modern competitive shooters isn’t the only
thing that can be tracked. A lot of FPS games have different roles and people doing jobs that may
mean they get fewer kills but are impactful Kills meaning they had more of a swing on the outcome
of the game. An example of statistics that are important in first kills or entry kills. The team with the
first kill normally gives a large swing on the round and can be an important metric to have. This is
shown in the 5v4 stats of HLTV which is the leading stat provider of all CSGO professional games
which shows that teams have between 70% to 75% of winning the round after winning the first duel
therefore giving weight to the first kill (HLTV, 2023). Trueskill-2 also being such a new system that
only a few games developed by Microsoft including Gears of War and Halo currently use the system
meaning testing is on only a few sets of data meaning this system could have flaws that haven’t
currently been found. Other games use similar systems which consider other statistics other than
Wins and Losses and are currently used but Trueskill-2 is one of the only documented systems.

When developing a matchmaking system, the Team Skill Gaps need to be measured. A Team Skill
Gap is the difference in raw skill between the teams. This can be calculated by finding the average
team Skill Rating Score and comparing them. If they are too far apart first of all it feels unfair for the
team that has a large disadvantage as well as means they are more likely to disconnect causing a
total imbalance in the game’s integrity. This is shown in Appendix D which is a study that shows the
difference between the skill gaps and the likely hood of a player leaving. This example of Halo 5
shows that once the player is over 400 score there is a high chance that one player in the game is
going to leave (Menke, 2020). This data shows that 200 is around the maximum before there is a
large jump in someone leaving as they find the game unfair. These numbers are specific to the game
of Halo 5 but can be used to show proof that it is an important metric to review when in
development.

Personal Skill Gaps are the difference between the player's skill verse the average of the enemies’
team average. This shows how successful the player is going to be compared to the enemy team. For
example, if it is high the player should have an above-average game because they feel like they are
better and statistically are better than the opponents. This is also important to make sure there isn’t



a high variation due to the fact they will think that the game is too easy or too hard which can cause
players to quit or even stop the play session. The graphic of Appendix E is similar to the previous
graph and shows a clear curve when the gap gets higher but a more significant incline once above
500 Rating. It is also discussed the player has a high chance after having a game that was too hard
that they will stop the play session which is bad for user retention which is the goal of many games
companies (Menke, 2020).

Stacked parties have to be considered, this is due because the skill of the party could inflate the skill
and responsiveness of the team due to the increased communication and collective intelligence they
have gained from playing before (Kim, et al., 2017). This will allow them to tackle in-game problems
more efficiently giving them an advantage. Some games disallow large teams to queue together an
example of this is Valorant (2020) which the top ranks you can only queue with one other person at
the higher ranks. Another solution to this problem is allowing only parties to queue against other
parties this will increase the wait time for everyone as the population queuing at the time due to the
matchmaker having to take longer to find a party that works. This could also result in games having
higher ping. 343 didn’t use any of these solutions in Halo 5 and don’t have anything to counteract
this and let everyone face everyone (Menke, 2020).

Ping will not affect this research topic but it is something that will need to be considered when
deployed into a real game, Halo 5 studies show that there isn’t a correlation between the players
leaving and having higher ping but it is noted that they have got global restrictions meaning that
players can't connect to people in different continents meaning the geographical range isn’t large
enough to cause issues to the player (Menke, 2020). Other server issues such as stability and pack
loss will have a more impactful effect on the player meaning a lag compensation is needed to
counteract this issue, but it isn’t something this research project is going to investigate.

Wait time for a server or to make a game is also shown not to have any correlation with the player
quitting the game early this is covered briefly by the Halo 5 study (Menke, 2020), but it is discussed
that the more modes and maps that you let the player select the longer the wait times, as well as a
discussion on a minimum number players for a game mode, is allowed for larger based games such
as battle royals should always be considered.

One external rating tool that has been created is the HLTV Rating System (HLTV, 2017). This rating
system was created in 2010 and rates the performance of professional players' matches. This system
uses a rating from 0 to 2 and shows the impact the player had on the match more accurately than
Kills / Deaths. The system takes a handful of inputs such as Kill Rating, Survival Rating, Impact Rating,
and Damage Rating. It uses all these inputs to balance the rating. All these data points allow the
algorithm to reflect how the player performed (HLTV, 2022). The introduction website shows the
changes from the 1.0 version to the 2.0 version and shows the difference it will and that the players
that have more of an impact will gain more score. These inputs that are given to the system can be
implemented into a Skill Rating system and will more accurately reflect the player's performance.
One of the most important scores is the Impact Rating, this takes into effect the multi-kills, opening
kills, and clutches which can show that a player has performed well in the game and is something
that isn’t currently tracked in systems built into games. The HLTV still has many issues and has been
broken down and analyzed and shows that the system still relies heavily on the Kills / Deaths and a
lot of the results can have the same conclusion when other variables are removed which shows the
system doesn’t have the same complexity that is suggested (Sardegna, 2017). This doesn’t mean
they don’t take all the variables into account but proves they don’t have a major swing to the final
results.



Research Methodologies

The artifact is going to be investigating current rating systems and comparing them between
themselves and a new formula using new data points that have been researched. This is going to be
done by simulating a competitive shooter and comparing the results to the expected findings such as
the natural distribution curve and analyzing the user’s performance and contrasting their giving rank
to them. This will be done by using the Elo formula to see the most simplistic ranking system and
comparing it to the TrueSkill formula a more detailed system. Then a new formula will be included
that is going to take inspiration from the serval other factors that have been discussed. This formula
will be developed and tuned throughout the process of development to replicate or improve over
the other systems named. This means there are going to be three forks of the project made with
each one with the same development area such as maps bots and the statistics created for each bot.

The artifact will be using simulated player also known as Artificial Intelligence (Al) to evaluate each
system and test the performance of each system. That means there will be multiple skill levels using
previously discussed statistics of general player performance and applied to the Al in the system to
show unique performance differences like in real life where not all players are at the same skill level,
this will distribute the players into a large range. The two main statistics that are going to vary on
each bot are accuracy and reaction times. These two have been picked due to them being the core
mechanic in a basic first-person shooter and an attribute that can be built into the bot aiming script.
This also gives the bots at a lower skill level a chance to still compete with higher skill bots due to the
accuracy beginning in a range.

The data that will be collected will be scrutinized using several methods the first will be the
Kolmogorov-Smirnov test which if the data that is inputted will follow the normal distribution curve
will be done due to the research into player performance fitting to the bell curve (lzquierdo, 2019).
This test if performed correctly should show with the Elo and TrueSkill formulas follow the bell curve
as they have been tested before but will be used to show evidence of correct data in the artifact’s
development. When developing the new formula this will show that the formula is considered the
natural distribution of player skill and will show evidence of a functional system.

Another data-driven way to test for the normality of the results is to create a histogram of the bot's
skill rating. All bots data is going to be sorted into bins depending on the spread of the data and then
a histogram will be created. This will then be plotted onto a graph to show the curve that has been
created. Either the results will show a similar shape to the bell curve therefore backing up the data
or the results lack uniformity with the bell curve and prove the data isn't normal. This will help show
if the data collected follows the pattern that is expected or that the data collected is somehow
wrong and will have to be scrutinized more.

The system is going to need to follow a structure of ranking and the easiest way to do this is
following the current system that has been developed. This will mean having stages and levels
associated with the current player rating. An example of this is using the system bronze to diamond
and using the numbers one to three to show where on the level they are this will give me fifteen
unique placements for each player to be placed along this will have to be set later into the
development of the artifacts to make each one have a correct pool size and should also show the
bell curve for the amount in each which then provide data to show it is working correctly.

Due to the large nature of the project, there are going to be serval assumptions that will have to be
made. The first is there isn’t going to be any networking and location-based pooling of players due to
the simulation being performed locally. This will mean all Al are able if at the correct skill level to
play each other but for the outcomes of this study this isn’t a necessary step. As well as this it is



going to assume each game will finish with no leaving or disconnects, this allows for a reliable pool
of data and means every game can be analyzed without external variables allowing the data not to
have outliers. Finally, all Al will be in a solo party and not have an advantage queuing with the same
Al this is due to the smaller amount of Al in the data set meaning Al will most likely play with Al of
similar skills a lot more than in a real-world setting. The bots also will be all playing the same amount
of matches at the same time meaning the Trueskill formula will always have the same Mu on each
bot. This wouldn’t be replicated in the real world as people will have different numbers of games
played and therefore would be different.

Data from each match in the running of the simulation will be taken and plotted in an Excel
spreadsheet. This will allow for a story of the bots and allow each match to be analyzed and used in
the results of this document. This will help to see if there are any inconsistencies in data and allow
for more data to be used to see the success or failings of this research. The data is going to focus on
bots 0,50 and 99 and plot all matches onto a line graph to show the progression of these specific
bots but even 5 matches a scatter graph from all bots will be created. The scatter graph should show
a trend line that follows the bot's programmed skill and the results from the skill rating system. For
example, bot 0 should in a perfect run have the highest skill rating with it slowly declining when
going down the leaderboard.

The final formula is going to try to predict the player's performance in the match and then at the end
use this predicted data to see if they performed to the standard that the bot is meant to. It will then
use this as a way of disturbing the Elo that the Al gains from each match. For example, if the highest-
skilled bot underperforms in the match but they still win it will give less skill rating to that bot. This is
going to be dubbed in this document as “Percentile Skill Rating”.

When comparing each skill rating, they are going to compare data to the perfect outcome and see
what percentage they get correct. There is also going to be an analysis of each skill rating to see how
close they got to this as the results are never going to represent the perfect solution as skill ratings
are estimates of the player's skill.

The Unreal Engine is going to be to create this Artifact as many of the features such as Decision trees
are built into the engine. As well as this environment can handle a large amount of Al at each level as
all 100 bots are going to be performing at the same time. Finally, the use of C++ and blueprints
should allow for all functions that need to be created.

Results and Findings

The first test that was run was the Elo system. The K factor of the Elo system was set to 40 to allow
an average of 20 Elo scores to be gained or lost over each game. Comapring ot skill Rating Score at Different sk

The system ran for 50 matches to get a large pool of data and to e

see the long-term effectiveness of the Elo system. All the raw
data (Appendix ) were collected and mapped into several
different graphs to help interpret the data as well as run
through calculations to show the normality of the data. The LT
normality test returned a P-Value of 0.97384 which can be used
with the K-S score of 0.04674 to determine the data has some
correlation with the normal distribution as a high P-Value shows
the percentage chance of the data being normally distributed
and the K-S score being low meaning a high chance of the data
being normally distributed. The data was also made into a

Data Distrubtion Elo Game 50



histogram and binned with intervals of 100 to see where the majority of the bot’s skill rating was
and plotted to a line graph to see. The results of the graph show a similarity to the bell curve, and
this is also shown by the 27 of the bots being binned into the 1500 Elo rating, and the further from
the midpoint the fewer bots under each bin. Skill rating data was also collected from a high-skilled
bot, a medium-skilled bot, and a low-skilled bot to compare their journey throughout the matches
and to see the difference, and to see if the system correctly placed each bot. The results show a
slow, but significate split of each bot each of them ending with a difference between the skill levels.
This data used Bot 0, Bot 50 and Bot 55 which were all very different skill levels to show either end
of the spectrum when it comes to players so scatter graphs were collected of all bots every 5
matches and plotted into a scatter graph to see the overall trends of the bots throughout the
process. This is shown in Appendix I. The bot's Skill Rating all starts at the 1500 marker but shows
after the initial 15 matches which are classed as placement matches its starts to for a trend from the
top left to bottom right and this becomes more apparent the more matches played.

After the initial TrueSkill test of Appendix F, there were some changes. The program was run over 54
games with a higher K factor of 5. This data was to allow for more spread as the initial test results
were close together and ran for longer to see the long-term effects of the TrueSkill algorithm and to
gather more data points for analysis. The final Mu was collected and run through the same tests as
before. This data gave a K-S score of 0.04956 and a P-Value of
0.95639 which mathematically gives a closer alighment with the
standard deviation shown in Appendix G. This was also plotted

Data Distrubtion Trueskill Game 54

onto a graph using the same methodology of using a histogram. /. .

This time the data was plotted from 0 to 90 as the range was much ./ N
bigger with an interval of 10 between each one. This result was / s
more expected and shows that running the test with a higherKand = =~
for a longer period gave a large data pool to analyses. Similarly, Comparing Bots skil Rating at Different skl

Levels

before Bot 0, 50, and 93 data was collected and represented as a -

line graph to allow for an analysis for different skilled bots. Bot 99 . M\
was changed due to serval factors discussed in Appendix H. Scatter -
graphs were also created off all bots every 5 matches and at the
end to help plot the changes over the matches, this data will allow
us to see a correlation of bot placements over the 54 games. Appendix G shows all the raw data that
is collected as well as scatter graphs of all the bots Mu every 5 games. This will help us analyze the
general trend of the bots and if they are being placed in the correct positions.
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The final set of data that was collected was Percentile Skill Game 50
Rating. This followed the same principles as before. The game O e
was run for 50 matches and all data was recorded shown in g
Appendix J. The results of the final match were run through a 1500 .s‘:‘.'z\;,‘ .
1300 Gl S R

Kolmogorov-Smirnov Test of Normality. This data had the results

of a K-S value of 0.07361 and a P-Value of 0.6237 which show the .. e
data is far from the normal distribution. This is also shown in the . h
histogram which was made. The data was binned with intervals ’ B oo "
of 100 between 1000 and 2000 as all results were in this range. The results once plotted clearly show
the data doesn’t follow the normal distribution but has some characteristics of a bell curve such as
the peak but there is a clear lean towards the higher values. Due to this more data was collected
from early into the test with data also being gathered from round 30 to see the changes from earlier



in the experiment which is shown in Appendix J. The Bots 0,50 and 90 were also analyzed and
plotted onto a line graph to show the journey of different level bots and to see where they ended
up. The data objectively shows the increase of the higher skill bots and the reduction of skill rating
on the lower skilled bot. It also shows how the average bot stays consistent with the average Elo but
does still reduce by a small amount. The data from all bots

every 5 matches were also taken and plotted on a scatter graph Percentile Skill Rating Match 50 Data

to show the general trend of all bots and to see if the system is I

working functionally by placing bots in the correct skill group. N

This graph is the game from Game 50 and shows the higher skill Comparing Bot Skill Rating At Different SKill Levels
bots are placed high was a general downward trend showing (Percentile)

the bots reducing in skill rating. The progression of these graphs .,

are shown in Appendix J. There are some clear outliers that are 1550 M
significantly higher or lower than expected but this could have e
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been due to several factors including an element of luck with
which teams they are placed on or significantly out performing
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what they are expected to do.

Discussion and Analysis

The Elo data collected has many signs of the system working correctly. The first is the K-S test giving
a low score of 0.04674 help prove that the data is close to the normal distribution which is expected
for the Elo rating system. This is expected when using this system by the creator Arpad Elo (Elo,
1986). This proves that the results collected are correct and follow the normal distribution pattern.
This is also backed up by the Histogram created in Appendix |. The histogram when binned at 100
skill rating intervals shows a similarity between itself and the bell curve. This is shown with the
middle Elo 1500 being the peak with 27 of the bots falling under this category. With the next bins
showing fall off meaning fewer bots are at 1400 and 1600 making the bell curve. This reflects the
theory that people's skill falls onto a bell curve and that the Elo algorithm distributes them
accordingly (Izquierdo, 2019). This in no way proves that the bots have been placed in the correct
skill group but helps to show the data is correct. One issue that represented itself in the investigation
is the sample data isn’t very big with the data when binning at 50 intervals showing a much lumpier
line as the difference isn’t as big. This could be caused by all the bots constantly playing the same
similar-level bots causing a cluster of bots all staying around the same numbers. This is also
exaggerated due to the bots all playing the same number of games due to the experiment being
tested that way and more divergence would happen in the real world as people will encounter a
large pool of players. A larger data set theoretically has reduced this lumpiness on the line but more
tests would have to be done to prove this.

The analysis of Bot 0, 50, and 99 under Appendix | helped prove that the system is placing bots at
the correct skill rating. The data shows Bot 0 (Blue Line) gain skilling rating consistently due to it
winning the games with a downturn in winning closer to the end most likely by being placed with
bots of similar levels and not being able to carry other Bots to the victory as they are all skilled
players. Bot 50 (Orange Line) is shown to increase and decrease throughout the process but later
becomes more stable. This could be interpreted as the placement matches being sporadic with a
large mix of skill groups but slowly over time becoming fairer. This data is consistent with what
should be expected from a skill rating system and therefore helps prove the system is working.
Finally, Bot 99 shows a consistent drop in skill rating due to it being worse than other bots. From



game 43 the bot does start to consistently win games and this could be the same effect as before
with it finally being able to play games with bots at a fair skill level. The data is consistent with what
a skill rating system should look like but does prove that the Elo system does take a long to split bots
into fair skill levels that they have competitive games as discussed before (lzquierdo, 2019). This
mobility of the system means that if the Bots skill did improve significantly, it would take a long time
to climb the ladder as the system does look at personal performance. The other notable outcome
would be the Skill Rating from top to bottom only being 800 score after 50 matches. This could be
due to the number of matches played but also could be to the K factor. This sample used a K factor
of 40 which would be considered high in chess but for this experiment could have been higher to get
a large range of results. This would have to be investigated to see for differing results.

The scatter graphs created of all bots every 5 games were made to show the correlation between
Skill Rating and how good the bot is. The first 10 games clearly show the placement matches
scattering the data as many of the games have unpredictable results as the bots are mixed the most.
Which will be normal due to the population all starting at the same skill rating at the same time.
Around game 25 you can see the data starting to form a trend from the top left down which is to be
expected, with this slowly becoming more prominent over the matches. This data shows the system
is placing the bots correctly obviously with some outliers which could simply be put down to lucky
placement in each team which is bound to happen in a data set of 100 samples. This data concretely
proves the system's fundamental part is working as spoken about by Josh Menke at GDC using a
similar method (Menke, 2017). This data also proves with the outliers that bots can be carried
through games even if they have poor performance or luck, this shows the limitation of using Elo for
a Team Vs Team game and means all bots gain and lose the same amount. It also shows the slow
pace of the system with it taking 20 to 30 matches to start looking like a fair system with it taking all
50 to be completed. Which is a game that could take a player a long time to play if their retention is
low. This backups the research into the Elo system in the Literature review that stated this.

TrueSkill data also shows that the system performed correctly. When using the Kolmogorov-Smirnov
Test of Normality it gave a K-S Score of 0.04956 which is below the 0.05 rating (Ghasemi & Zahediasl,
2012) that is seen as the acceptable rate for the data to show it isn’t significantly different from the
normal distribution. This is also reflected in the histogram in Appendix G which shows a smooth bell
curve when binned with intervals of 10. The histogram shows a near-identical reflection of data from
the middle point which shows normal distribution this is shown with a low Skewness. The P-Value is
also high with a 0.95639 which shows 95 percent of the results are within one standard deviation
making a clear peak in the graph. The one issue with this data set is there isn’t a cap to Mu which
Microsoft did have in the TrueSkill formula. This was due to the high K factor of 5 being used and
therefore bots exceeding the 50 normal maximum. Using a lower K factor and implementing a
maximum could have replicated more accurate results but would have meant bots reaching the high
end would have bunched up and given the bell curve a flick up on the right side. Overall the proof of
normality shows the system is functional and accurately reflects the player's ability.

The analysis of Bot 0,50,93 in Appendix G shows a clear sign that the system places each bot
differently and in the correct order, but as discussed in Appendix H that there are some clear
outliers. Bot 0 had a steady but clear early increase winning a majority of the placement matches
with a more steady but consistent increase over the match period. Bot 50 had a dramatic losing
streak at the start and got stuck in the lower end of the skilling rating till around game 30 where the
Bot was clearly too low and started to increase dramatically working its way back to the middle of
the pack. This shows the clear importance of the first few matches and the chance that the player
can get stuck with a bad set of teams in a row and have to work their way back up. This data proves



that TrueSkill longevity works well, and the algorithm works well. This could have been a reduced
effect if the bot performance was also considered as it would have in TrueSkill 2 (Minka, et al.,
2018). For the reason mentioned in Appendix H, bot 99 was a clear outlier but is proof that singular
bots can be boosted through the ranks not by having skill but by pure luck of being on good teams.
This is proof there is a floor in the TrueSkill system and shows that queueing in groups may carry a
player not deserving of the Skill rating up making the game feel unfair or broken. More games
should have been played to see if Bot 99 could have carried on increasing or if the system would
bring the bot down to where he should have been. The data K value was set high in this testing due
to the shortness of the test and wanting the data to have a larger range to review. In the
deployment of this, the K value should be much lower so players do not exceed the 50 cap like in this
test.

Finally, the Scatter graphs in Appendix G show a clear correlation even after 15 games with a clear
trend of higher-skill bots closer to the top in a short period. The spread of these bots is very large but
becomes smaller with each interaction of 5 games. By the end of the test, the data shows a clear
trend line and clearly shows the system is working and placing bots in theoretically the correct place.
With a few stray middle to low-skill bots being pushed to a higher skill level. This may be due to the
carry effect that was shown on bot 99 or that they outperformed what was expected of them. The
issue could also be part of the matchmaking system. The system finds the 10 players close to each
other and then randomizes the teams. This system may not be the most effective as many lower-skill
bots may be placed with a high-skill bot that could carry them. This would have to be something that
is looked into and fixed maybe placing them depending on other factors but heavily leaning on the
skill rating. Examples of this could be average Kills per game or winning and losing streaks.

Percentile Skill normality data is much more skewed and doesn’t represent a bell curve. This is
shown by the P-Value being 0.6237 which is for a high value, and the K-S stat is 0.7361. This
mathematics shows the data isn’t on a normal distribution. This could be caused by serval issues
within the algorithm that displaces the bots higher or lower than they should be. Looking at the
histogram that was made of the percentile system shows the data has a large increase of Bots in the
1500 and 1600 hundred sections with 24 bots and 26 bots respectively. This shows the system keeps
a large amount of players close to the middle of the pack. When going to the Skill rating there is a lot
of fluctuation in the graph with the line going up and down which doesn’t reflect the bell curve. This
doesn’t prove the system is a failure but shows that the data doesn’t fall on the normal curve.
Ideally, this test should be run again to prove that this is consistent with the data but this is a new
type of Skill rating.

The analysis of bot 0 shows the rise of the skill rating that is very consistent and increased the bot
skill rating over one hundred score in the first 10 matches. The bot consistently rises and when losing
doesn’t impact the skill rating by a high amount due to the performance of the bot being higher than
the rest of the team. Bot 50 shows mid-ground where it stays steady in the middle of the pack with
no major peaks and loses, this shows the system working for the bot and shows they are being
placed well, when looking closer it shows that the bot never peaks above 1540, and never goes
below 1440 which show the consistency of the rating system. It would be an interesting test to see
how the bot skill rating reacts once the bot stats get better to see if the system can handle a change
in skill as a future test. Bot 99 shows a consistent losing streak and it falls does the rating system
with it ending at 915. This shows the system has understood the player is worse and is reflecting this
well. It would be interesting to see what would happen to the bot if the test carried on to see what
rating it would settle at. All of these bots prove the system is working correctly and placing them in
the correct order.



The scatter graph shows similar results to the other rating systems, but the clear trend lines seem to
form much more quickly. By game 15, there is a clear downward trend, with most bots being very
close together and grouped well. This data becomes more apparent as the game continues. At game
30, the bots seem to split to a higher degree, with some bots overperforming and gaining
significantly more skill ratings than others. Closer to the end of the games, the bottom skill bots from
95 to 99 seem to fall off significantly more than any other bots. This shows a consistent losing streak
and demonstrates that they are much worse than the next 5 bots above them. This is where a larger
pool would allow them to be placed with bots of similar skill, but due to the limited pool, they don't
have fair matches. The consistent line shows the system working to its full effect, and looking at the
data, there is a low amount of outliers, which gives credit to the system's reliance on performance.
This system benefits from the basic nature of the game, with kills being the only factor, and
therefore the system performs well in this context. However, it may not be as consistent if the game
had more features, such as assists, headshots, and team-based motivation, and the system would
need to adapt to this. The data also doesn't have a large range, with all the bot's skill ratings being
between 900 and 2000, and a sign that the majority of bots are getting stuck in the 1600 to 1700
range. This could be due to the basic matchmaking system or something with the algorithm, but this
was also consistent with Elo. If the test were to be rerun, a higher amount of skill rating should be
given to see more of a split from higher to lower skill bots and potentially a more complex
matchmaking system that takes into account previous games. Overall, the scatter graph shows the
success of this test, and the data reflects this well.

When examining all three outcomes of the normal distribution, TrueSkill clearly displays the most
normalized data, indicating that the system is placing bots closer to the bell curve. This does not
necessarily mean that it is the best system, but rather reflects the accuracy of the system's
approximation to the normal distribution of the bots. This is because people's skill in real life also
follows a bell curve, and so did the bot data. Elo also followed this pattern but to a lesser extent. This
difference is small but could be due to the matchmaking systems and the use of a rating system
designed for 1v1 games in a 5v5 game. However, the variation is not significant, and therefore the
data is reliable. This is what is expected from these tested algorithms, which have been used for
years and have undergone many tests. The normality test of the Percentile skill shows that the data
is not normally distributed and accurately reflects the bot's distribution. This would have to be
further investigated to determine if it is consistent across multiple runs, but it also suggests that
there may be some rank inflation over time, with the general population slowly moving up the ranks,
which would need to be monitored.

Percentile skill, when it comes to the speed of a trend line forming in the scatter graphs, is
considerably faster than both TrueSkill and Elo. This shows that the system is the quickest to find bot
skill ratings and start dividing them into their respective sections. TrueSkill takes around 20 matches
to form the trend, but also has a much larger spread than Percentile. Elo is similar to TrueSkill, taking
20 matches to start the trend line, but also has a large spread. This indicates that many of the bots
are placed above or below where they should realistically be, which shows some level of inaccuracy.
Overall, by game 50, the trend lines for all 3 algorithms have formed similar shapes, but there is a
clear high spread in TrueSkill and Elo, which indicates that the algorithms have placed some bots
higher than they should be. However, there is never an instance where a bot is at an extreme
difference, which would be classified as 25 percent higher than it should be.

The results from the percentile skill need to be scrutinized because the game is so simple. The only
raw metric being recorded and inputted is kills per rounds played. While this simplistic approach
works well for this game, it cannot be assumed that it would work as effectively in a game with



objectives or a team-based approach. Another design feature that could have impacted the data is
the lobby-making system. In this case, all 100 bots were ordered and queued together with the
closest bots possible. However, in a real project, lobbies would be sorted into regions, maps, and
team queues, meaning that there would be many more variables to consider. This may result in
placing bots with a wider skill rating. Hopefully, a completed game would have more players, which
would offset this disadvantage, but further testing would be required.

Conclusion

Throughout this project, several different skill rating systems have been investigated. Two currently
used systems and one new system were tested, and the results from all three gave positive data,
indicating that all of them are viable options. Elo, being the most basic, gave consistent and reliable
data and showed that it could place bots in the correct order within a margin of error. The downside
of Elo is the time it takes to do this, as it requires over 20 matches to start showing a clear divide
between high and lower-skilled bots. Elo has proved to be reliable but has some main issues: it is not
suited for team-based games, and it does not consider player performance, which was proven in the
data. Overall, this system is good for games that are less complex but lacks performance-based
balancing, which could help place players in a more accurate order. This is why Glicko-2 was
developed (Glickman, 1998). Elo also deserves merit for how simple the system is and how easy it is
to calculate and implement, which could benefit smaller games that don’t rely on advanced
matchmaking but still want to place players in skill bands.

TrueSkill has consistently shown results but is slightly more balanced as it takes into account a
player's current Mu and Sigma values and compares them to the enemy team. However, the
algorithm requires 20 matches before it can accurately reflect a player's skill. TrueSkill was a clear
first development step for Microsoft in early multiplayer games, but the improvements in TrueSkill-2
would have clear benefits. Research clearly indicates that rating players based on their performance
in matches would give the system more data points to analyze and use for matchmaking. Microsoft
owns TrueSkill, so most developers not part of Microsoft take inspiration but rarely use it, which
stifles the use of this algorithm in many games. Although TrueSkill is much more complex than the
Elo system to implement, the results can vary depending on the game it is used in. The newer
TrueSkill-2 algorithm would be a future development to test, but due to the system not being
publicly available, it is difficult to recreate and test.

The "Percentile skill" algorithm developed for this project shows great signs of working and is the
only algorithm tested that uses performance metrics. This helps prove that this approach is the way
forward for skill systems. This system gave the closest results to what was expected, as well as the
least amount of outliers. Several improvements could be added, as the algorithm is currently
restricted to kills. Comparing these results to older skill rating systems shows that the "Percentile
skill" system works well for this game, but it should be reassessed and compared to TrueSkill-2 and
Glicko-2 to evaluate its effectiveness more fully.

Overall, this project proves that there are many ways to approach skill rating systems, and it is
possible to develop and balance a new system that can produce consistent results. The takeaway is
that the objective of the game is crucial to balance the system based on the objectives of the game.
These systems also need to take into consideration how matchmaking works and how the skill
groups are divided. Many large first-person shooters have a large player base, which means they can
place more players together to get a fair game, but this also means that the complexity of the
system will be higher.



Recommendations

The large nature of the Skill Rating system there is much to be researched. The first would be to use
either real player data or using a real testing audience on the project. This will give merit to the
results as there could be any faults or failures using Al. This may also produce issues with finding a
large enough group of participants so using real-world data from a popular game may be a solution.
This would allow for multiple systems to access the same data collected from each match and make
separate Skill Rating Scores, this could then be compared and analyzed. This would allow the
algorithm to deal with real data and therefore give more accurate results.

The next is the progression of players' skills, this project kept all bots at the same skill stats and
didn’t show if the system could handle changes in the player skill. A further study into players' skill
level changes and seeing which algorithm would deal with the changes the quickest and accurately
would help with future developments as in the real world players' skill changes a lot and therefore
would be an interest for game developers to know the best solutions.

Finally, more testing of more complex systems such as TrueSkill-2 or Glicko-2 would be interesting to
collect and analyze because they are newer and are balanced using player performance which is
clearly shown to have a major impact on the system. From this research, there wasn’t a large testing
of the systems outside of Microsoft's research, and therefore external testing of the Trueskill-2
algorithm would be important to see how it works and is developed. This is a difficulty due to the
code not being publically available but there could be a mockup using the same inputs could be
made and tested. Using the combination of TrueSkill-2 and other external inputs a better solution
could be created.

Appendices

Appendix A: Python Program using Elo formula to calculate example Elo and Results

B Ra + K * )
K+

1ing 0.359%993500019711494
Winning 0.6400645998028851

5.4 Rb Score 1603.6

Appendix B: Results from Microsoft predictive performance Elo VS TrueSkill (Herbrich,
et al., 2006)



ELO full | TrueSkill full | ELO “challenged” | TrueSkill “challenged”
Free for All 32.14% 30.82% 38.30% 35.64%
Small Teams | 34.92% 35.23% 42.55% 37.17%
Head to Head | 33.24% 32.44% 40.57% 30.83%
Large Teams | 39.49% 38.15% 44.12% 29.94%

Appendix C: Example Of Bell Curve
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Appendix D: 343 Industries Research into players leaving when Team Skill Gap is High
(Menke, 2020)

Wil they leave the match?

Much higher-quit rates on much smaller skill gaps
Keeping the team skill gap small is super important!
Quit rate doubles with just 100-rating difference!

1 guaranteed quitter with 400+ gaps




Appendix E: 343 Industries Research into players leaving when Personal Skill Gap is
High (Menke, 2020)

Will They leave the match?
The higher the gap, the more likely I'll quit.
So, yes, the personal skill gap is important in Halo 5

If you see a similar graph, you can reduce quitting by reducing the personal skilt gap--

Appendix F: TrueSkill Preliminary Test Data

The first sample of TrueSkill was run over a span of 15 games with a K factor of 2.5 all 100 bots had
successful entries and no math errors were found leading to a reliable set of data shown below.
Once the data was collected the last entries of the Mu were run Histograrn Results Trueskil Test 1 Binned
through a Kolmogorov-Smirnov Test of Normality it gave a K-S e
statistic of 0.07822 and a P-Value 0.54699 as shown in artifact F. The -

data was also made into a histogram and 2 sets of bins were created. .

One binned data from 15 to 39 with intervals of 2 and the second

binned between 10 and 40 with intervals of 5. The data created a line

graph to show the results which then can visually see the curve and

compare it to the standard deviation. This graph is the result of the pifferent skiled Bots Change In M hroueh eoch
histogram and shows features of the bell curve but doesn’t

mathematically translate with a low P-Value. Data from the 3 bots /\/\/

were collected and represented on a line graph to show the journey
they took through the process. Bot 0 which should represent high-
skill players, Bot 50 which represents the average player, and Bot 99
which represents the lower skilled players. Scatter Graph data was also collected to show the bots
through the progression of matches. This was taken at intervals of 5 matches and plotted to show all
the bots Mu at the current match.

Scatter Graph
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Raw Data

No

Bins

RowName Game0 Gamel Game2 Game3 Gamed GameS
2 26 270693 2813681 2920253 3028289
sott 2 20 2507483 2016192 2524842 2033835
Bow2 2 26 2706963 2615105 2723564 2832268
Bots 25 26 2506963 2613641 27.22116 2830609
Bots 25 20 2307483 2016318 2016318 2524172
Bots 2 26 2706963 2815105 2923476 283104
Bot6 2 20 2507483 2616192 2725579 2635835
Bot7 25 20 2307483 2216318 2325435 2034765
Bots 25 20 2507483 2017628 217628 232671
Boty 2 26 2706963 2815105 2923476 3031469
Bot10 2 20 2507483 2617157 2526981 2636424
Bott1 25 20 25.07483 2616192 27.24924 2633511
Bott2 2 26 270693 2815105 2723476 263193
Bou3 2 26 2706963 2615105 2723564 2832268
Bot1a 2 20 2507483 2616192 25.2603 24.35024
Botts 25 26 2506963 2415178 2523121 2031627
Botts 25 26 270693 2615105 2523554 263205
sott7 2 26 2506963 2014162 2522122 2629837
Botts 25 20 25.07483 2016192 2525155 2634625
Bott 25 20 2507483 2016192 2324947 2033863
Bot20 2 26 270693 2813681 2920253 28.2786
Bot21 25 26 25.06963 2613641 25.22112 24.29561
Bot22 25 20 25.07483 2016192 2524842 2633832
Botz3 2 26 2506963 2613641 27.22116 2630589
Bot24 25 26 2706963 2815105 2723476 283195
Bows 2 20 2307483 2217868 2329064 2238549
Botzs 25 20 2307483 2017361 2017361 2526711
Botz7 2 20 2507483 2616192 2524832 2633822
Botzs 25 26 2506963 2014162 2522122 2029571
Bo29 25 20 2307483 2016318 2525279 2034284
Botso 25 20 25.07483 2416192 2325156 2233961
Bot31 2 26 27,0693 2615105 27.23558 2632011
Bot32 2 20 2507483 2616192 252603 2635487
5033 2 24 2507483 2616192 252603 2635487
Bot3d 25 26 25.06963 2615178 2523833 2632837
Bot3s 2 20 2507483 2616192 27.25579 2836254
Bot3s 2 26 250693 2615178 2523833 243284
5037 2 26 2506963 2615178 2723636 2632241
Botss 25 26 27.06963 2615105 27.23558 2632011
Bots 25 20 2307483 2016318 2525279 2034284
Bota0 25 20 2507483 2016192 2325156 2233961
Bot1 25 26 2706963 2615105 2723560 2832268
Bota2 25 26 2506963 2415178 2322594 22.2947
Bota3 2 26 270693 2815105 2723476 263193
Botaa 2 26 2506963 2015178 2322594 2029475
Bouds 2 20 230783 2216318 212503 2235734
Botas 2 26 2506963 2015178 2323949 2032882
Bota7 25 20 2307483 2217868 2128552 2038788
Bot 2 20 2507483 2616192 2524832 2033825
Botad 2 20 2307483 2017361 2017361 2526711
Botso 2 26 2506963 2615178 27.23924 2832623
Bots1 25 20 2507483 2616192 27,2492 2633511
Bots2 25 26 2506963 2615178 252363 263213
Bots3 2 20 2307483 2216318 2325435 22.34979
Botsd 25 26 2506963 2415178 2323949 2032882
Botss 25 26 2706963 2813681 27.20714 2626826
Botse 25 20 2307483 2217868 2329064 2038335
Bots7 2 20 2307483 2016318 2016318 2525685
Botss 2 26 2506963 2015178 2523844 2632849
Bots9 25 20 2507483 2016192 2324947 2233755
Bots0 25 20 2307483 2216318 212543 2035725
Botsl 2 26 2506963 2615178 2523636 263213
Bote2 2 26 270693 2614163 27.2263 2831116
Bote3 25 20 2307483 2216318 2325435 2234979
Bot6d 25 26 270693 2614163 2522627 243114
Botss 2 20 2507483 2017628 2417628 232671
Bot 25 20 2307483 2216318 212543 2235734
Bots7 2 26 2506963 2615178 27,2363 2632241
Botss 2 26 2706963 2815105 2923476 2831
Bots9 2 20 2507483 2016192 2524842 2633832
Bot70 2 26 2506963 2615178 252363 263213
Bot71 2 26 2506963 2015178 2323949 2232773
sot72 2 20 2507483 2016192 2325156 2233961
Bot73 2 20 2307483 2216318 2325435 2234979
Bot7a 25 20 2307483 2016318 2525279 2034284
Bot7s 25 26 270693 2815105 2723476 283195
Bot76 2 26 2706963 2615105 2523554 263205
Bot77 2 20 2307483 2016318 2525279 2634747
Botzs 25 20 2507483 2616192 27,2492 2633511
Bot79 25 26 2506963 2615178 2723924 2832623
Bots0 2 26 2506963 2015178 2322594 2029475
Bots1 2 26 2706963 2815105 2923476 3031469
Bote2 2 20 25.07483 2416192 2325156 2034069
Bote3 25 20 2507483 2017628 2417628 25.26973
Botsa 2 20 2307483 2016318 2016318 2324389
Botes 25 26 25.06963 2015178 2523844 2032852
Bot 25 26 2706963 2615105 2523554 2032053
Bota7 25 26 270693 2815105 2923476 283104
Botss 2 20 2307483 2216318 212543 2035725
Botay 25 20 2307483 2016318 2016318 2325421
Bot90 2 26 27,0693 2615105 2523564 2032063
Bot91 25 20 2307483 2216318 212543 2235734
Bow2 25 26 2706963 2615105 2523564 24,3201
Bot93 25 26 25.06963 2415178 2322594 22.2947
Bot9s 25 20 2307483 2216318 2325435 2034765
Bot9s 2 26 2506963 2615178 2523833 243284
B0t96 25 20 2507483 2617157 27.2653 2837192
Botg7 25 20 2307483 2016318 232528 2034191
Botog 25 20 2307483 2016318 2016318 2524172
B0t99 2 26 2706963 2815105 2723476 283195
Bin__ Frequency
10 15 [
15 17 [
20 19 3
25 21 3
30 23 10
35 25 18
20 27 17
2 20
31 15
33 10
35 3
37 [
39 1
More 0
Distribution Summary
Count: 100

Mean: 26.19134

Median: 26.192147

Kurtosis: -0.12189

Skewness: 0.036557

Standard Deviation: 3.825234

Result The value of the K-S test statistic (D) is .07822.

Game6 Game7 GameS Gamed Gamel0 Gamell Gamel2 Gamel3 Gameld GamelS
3135026 3241623 33.46575 3251332 3158026 30.66676 3173371 3081547 2988596 3095861
25.42681 26.51635 27.60452 28.69041 2977808 30.85618 3195171 3304753 3212468 3321027
27.41908 28.50831 2959334 306949 2978414 28.89295 27.98515 29.07411 30.178%2 3126673
2939078 284812 295666 30.63207 2972200 28.80126 29.87821 30.96462 3206521 3116071
2632025 27.41307 28.49261 29.57247 3068057 3177112 3285543 319237 3301263 34.08768
2939503 28.4850 2757091 28.65726 2974538 28.82426 279067 28.98533 30.07124 3116042
27.44803 2653754 2563154 2672111 27.81762 28.90362 2999351 3111319 3221195 3130571
23.44224 2453189 256244 2671409 25.80153 2689122 27.97891 27.06877 2815694 27.24942
2236984 2146815 2255358 2164214 2274738 2382919 2490883 2599361 27.08869 28.18744
2938486 3047591 3154961 30.62031 3171519 3279295 3386499 34.9384 3599221 37.03334
2747598 26.5651 27.65674 28.74807 27.83299 28.93698 30.02642 3114569 3224406 3332822
25.42506 2651463 25.60103 2669107 277037 26.86751 2595669 27.0454 28.13391 29.22085
7.40183 . X 3284563 33.91705 3297286 3205088 3114656
29.41593 30.50658 3157988 32.65649 3372651 34.78024 3383249 3288928 3196828 3106494

25.44262 2453923 2363325 24.73885 25.83088 2692013 2800741 27.09688 2618481 27.27295

2539914 2648482 2756958 2664493 2773001 268109 27.89614 26.97501 28.05585 29.14115

27.40574 2649107 2557782 2666481 2775449 28.84137 2793425 27.02472 2811352 29.19804

2738122 2644948 2553498 2662262 2570821 2679441 25.87541 24.95628 2603877 27.12213

27.43611 28.52511 27.63604 2673618 27.83247 28.91826 28.01013 29.09874 28.19138 29.28654

2760479 28.69067 2977835 30.85644 2995512 29.03825 2811679 27.20981

2735955 2642811 2551393 24.58223 2364807 22.71769 2380381 22.89223 2397618 2505648

2537881 2644893 2553444 26.60533 27.69097 28.76759 27.85079 28.93021 30.01684 3110672

25.42822 2651774 2761007 2671056 2579805 26.88779 27.97554 29.06462 30.16956 29.25484
253862 2647208 2755703 2663255 2571801 24.60409 2389084 22.97786 2204469 23.13412

2739988 28.48525 2957059 30.63601 3173069 3081536 2991455 28.99821 30.08394 2917032

23.47865 22.58792 2369353 24.79324 2388473 24.97626 2497626 24.07073 2317197 24.2654
263653 27.45745 2653835 27.63534 2871894 2781134 28.50178 3000081 3109377 3020086

27.42819 285173 2961655 3071782 2980677 28.9153 30.00502 3112456 3022473 29.30931
253789 2644902 2753431 2861716 2968722 307665 29.86628 3095284 300216 29.10877
234375 225278 2361688 24.70485 2579741 24.88749 24.88749 2397059 2305068 24.14611

23.42102 2251158 2360094 22.68921 2377642 22.86494 2194721 2304053 24.13797 2323221

25.40021 2448625 2356146 24.63278 2570997 24.79618 25.88248 2696347 2604426 27.12754

64403 2473348 2582559 2691493 26.00343 27.09145 28.1793 2927463

25.44453 26,5023 2764208 2674214 25.84015 2694331 2605152 2515659 202462 2533723

25.41443 24.50027 2558934 24.67961 2376612 24.85184 25.93728 27.02628 2611521 25.2066
274584 28.54708 2765772 28.74904 27.83395 2693827 26.04655 27.15161 2826239 29.35659

2541702 24.50621 2559519 2668532 277747 2686192 2595118 27.03997 2612871 27.21768

25.40856 24.49448 2558365 24.66902 2575626 2684173 27.93014 29.01984 28.0986:

25.40021 24.48625 2556091 26.64815 2573338 24.81923 2390575 24.9887 26.07069 25.15404

2543534 24.52425 2561688 2470673 2379957 24.89247 248947 25.9775 2505471 26.1331

2342102 2451101 2359791 246862 2577317 24.8636 2394944 2503168 2612357 2521484

27.41908 28.50418 29.58926 28.68472 27.77049 28.85714 27.94982 27.04008 2612882 2522001

2137145 2245676 2352473 22.59699 2368577 2277576 238609 24.94457 2602725 2511124

27.40183 2648722 2757195 2665795 2774283 2682355 27.90861 2698731 28.06797 27.14913
25378 2045754 2553265 2060066 2366622 2073264 2579779 2688005 25.96204 2504701

2145324 2253708 23.626 227239 2383202 24.9204 209244 2401967 2312171 222154

23.41692 2449662 2358375 24.67227 2375889 228477 2193025 2302387 24.12159 2321608
194988 1862314 1976188 18.86988 19.99002 19.09131 2020655 19.28291 1838667 19.4972

2342621 22.51669 2160639 22.68173 2176648 2086802 1993669 19.01825 2012303 2119906
263653 2544820 2453332 256197 2669825 2579372 26.89377 2598673 27.06419 28.13957

2941903 30.51003 2959535 28.63072 2777641 26.8635 2595284 25.0428 24.13414 2522695

27.42013 2651003 27.5983 2668393 2777334 28.85095 2995042 29.03362 2811221 27.19276

25.40747 2649302 2557974 24.66517 257547 26838 2792285 27.00135 260816 2516479

23.44357 2453319 2363231 2273017 2383813 2293334 2203107 2112228 2223683 2132381

23.41692 24.49662 2558576 24.67608 2576321 24.85379 259392 25.02936 26.12128 27.21036

2534912 264197 274835 2656006 2564656 2671051 2579273 2687506 27.95733 27.04002

23.47738 22.58666 2169283 22.79592 2390279 24.99404 2499404 2608846 27.18215 28.27958

2633515 27.42775 2850708 27.59536 2867951 29.77209 2885276 29.92993 310237 3212265

27.41361 2849878 2758411 26.66995 2575802 24.8435 25.92907 25.01938 26.11146 27.20068

2141355 2050253 1959909 207117 2179653 22.89473 219931 2108497 2220018 212878

2147401 22.58675 2369238 22.78927 218844 2098389 2206312 2115377 2226776 2135421

27.40653 2649185 27.58038 26.66626 2775592 26,8434 2593293 27.02199 2611098 2520244

2939578 2848614 2757164 28.65798 2774411 2683175 2591221 24.99254 2607447 27.1573

23.44357 2253377 2362274 2271066 237975 24.88272 2488272 23.9659 23.0460¢

2339735 2247842 2153936 2261591 2170177 22763 2384894 22.93663 22.00416 2304513

2434539 2543162 2651026 27.60766 2669346 25789 26.88912 27.98207 29.08146 28.1615

2145324 2253708 23626 2472679 2381931 2291483 2400951 2510838 2419872  23.292

254085 264941 255808 24.66622 2375293 24.83887 2392509 2301155 2207781 23.16666

2739091 2645903 27.54417 28.62688 27.69865 28.77516 29.85247 30.9392 30.00813 3109812

27.42829 285174 2762843 2672868 25.82688 24.91652 2491652 2600118 2509595 24.19391

27.40653 28.4918 2757723 2666316 2575133 2683688 2591727 25.00775 2608345 27.17205

2140391 2248864 2157882 2265466 2173986 2080883 198786 2097961 2204662 23.13602

2342102 2451101 2359791 24.6852 237726 24.8582 2394413 2502646 24.11806 2321261

2144582 225298 2161927 2069284 1977902 18.88434 17.99138 1912951 1823629 17366

2543534 24.52425 236235 2471137 25.80383 2689348 27.98114 27.07097 2815911 27.25156

2739988 264853 2557028 24.65586 2374274 2283181 2191463 2100787 2207435 2316326

25.40668 2649225 27.58077 28.66698 2975497 28.83372 27.91604 28.99454 28.07366 2915872

2543724 2452612 2362534 2271322 2380002 22.89585 219942 230867 24.18338 2527541

27.42514 2651497 2560136 266914 2577916 24.86951 24.86951 2395289 25.03544 24.11563

2941943 3051003 2959535 28.69072 297784 3088034 2997872 29.06155 3016653 312545
23381 2 2078628 2186916 2293334 22.00093 2304195

3138165 3044667 3152074 3259808 31664 3074948 3184633 3092672 29.99581 29.06382

23.42861 24.51848 2360527 22.69347 2177801 2267653 2397186 2507132 261626 25.2533

2436549 2346069 2255241 2164099 2070981 2178986 2089058 19.9539 19.04467 18.15827

2432256 23.41843 2251084 23.59981 2268151 217673 2286976 2197345 230731 24.16816

23.41663 2249738 2158741 2066155 2174732 22.60833 2389291 24.97607 24.06319 25.14208

25.40334 2448934 2557850 24.66403 2575135 24.83693 259206  25.013 24.09956 2317729

2939503 28.4854 2757091 2664624 2773129 28.80734 2988421 3097054 300726 29.15912

2147401 2056191 1965735 2076885 19.85362 20.9499 2001704 19.09704 2020026 1929152
22335 214339 2251995 2160909 22.67747 2376047 2284461 2192184 2100692 2008307

23.40644 2448631 2556097 2664821 2773323 28.80926 298861 28.97013 28.04957 27.13098

2145324 2054151 2164381 2074809 2183225 2093264 2201281 23.10499 2219923 2128685

23.4064: 2278767 2187124 2091658 19.98909 210677

2137145 2046118 195585 186704 1779544 16.93982 18.09855 19.23451 1833922 17.46685

23.44204 225326 2162189 2272622 2383425 22.92953 2402397 2312063 222146 2130196

2541702 24.50621 2359319 22.68159 2176633 2083482 19.90411 2100464 2207118 23.16015

27.46765 26.55689 256506 2676048 25.85823 24.96584 2496584 2606069 25.15458 262512

2543031 265198 2561405 2470394 2379682 24.88205 24.88205 2396524 23.04541 22.14036

2432245 2540904 26.48802 2557882 206583 2374052 2282498 23.9032 2498654 26.06599

2739988 26.4853 2557028 2665738 25.74248 2682816 25.90867 24.98905 24.07597 23.15408
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The p-value is .54699. Your data does not differ significantly from that which is normally distributed.
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Appendix G : TrueSkill Data
Raw Data

3
H]

Result The value of the K-S test statistic (D) is .04956.

The pvalue is 95638, Your data does notdiffer significantly from that which is normally distributed.

Distribution Summary
Count 100

Mean: 3630867

Median: 35.31967

Standard Deviation: 17.79153
Skewness: 0232796

Kurtosis: :0.350236




Scatter Graphs

Appendix H: Bot 99 Inaccurate results of TrueSkill Test 2 for the use in Graphing lower

skilled bots.

Bot 99 data was collected and was way above average for the bottom 10 bots. This was
then broken down using the data collected for each individual bot. It shows the bot
winning 26 matches out of 54 which makes the data correct but when studying the Kills
and Deaths of the bot it clearly shows a negative KD with it only going positive in 8
matches. This shows the bot was “Carried” through the games and shows a problem
with the TrueSkill System. But for the graphs to show a clearer average low-skilled
player Bot 93 was selected.
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Appendix | : Elo Data

Raw Data

Bin__*r.
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Resuir: The vahue of the K-S test statissic (D) is 02674,

The pushus i 97384, Your dats does nof défer significantly froem that which is normally destributed.

Datribution Summary
Count - 100
Mean: 14574801
Median: 1296672546
Standard Deviation: 148.285291
Soewness: 0.126912

Kurtoss: -0.218022




Scatter Graph
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Appendix J : Percentile Data

Raw Data
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Normality Test

BolD  Game 30 Bir_Frogransy G 50

Botgs  flT0.s 1000 0 15

Botd  tieaT 1100 o Tia11

Botdt  f25dd 1200 2 skill Rating Match 30 Data T Frogrony T2

Botdl 12837 1300 4 Distrubution 1000 0 116

Bowsd  12and w0 Tion o 30,1

Botd3  123as w00 a6 “ 1200 2 1545 1000

Botd) 13155 w00 2 = 1300 4 fL [ Bir_Frogroncy Fercentile skill Rating Match 50 Data
Botdd  13E w0 - w00 13 oL 1200 1000 1 Distrubution
Bowgs 13437 1800 3 = Bon 1921 1300 1100 Ty
Bowdd 13451 1900 2 a oo 23 s 1400 1200 2
Botsz 1356 More o = w017 1943.3 1500 1300 5 =
Bod2 13651 w 1300 3 11245 1600 oo 6
Botds 13704 B 1300 2 Tz 1700 LTS
Botge 13015 o More o tror7 1500 w0 oz s
Bottd 13755 Bir ey st 1 4 & L 0 » 1437 1900 moo 0
Botdd 15766 1000 ] 1401 2000 B0
Bowdd 1574 1050 0 15447 1300 1
Bowdl 380 oo [ 5364 2000 1
Botts 13853 150 o ey Mors 0 o . o . . e
Bots  wosT 1200 2 16253

Bots? W15 1250 o 16701

Bottl 167 1300 ) Chart Title 15755

Bois  Wias 1350 ) 16415

Bowss e 1400 3 = 16215

Borll Mzt W " 15655

Boted  wze w00 22 1605.2

Botst 14307 w0 om . pis Resufe The wakue of the K.5 test statistic (D) s 07361
Botb? | Wihp feon = 15t 4 The pvalue b5 6237, Your data does ot differ signiicantly from that which is narmaly distributed
Botsé 14356 [ w 110.5

Bosd  M3E 1100 5 15351

Bous 14435 130 3 s 1528

Botdl 14456 1800 0 t620.2 Distbutian Summary

Botse 14435 1850 1 ° 15455 .

Bos 1518 1900 1 i 5 ? ¥ » ¥ 332 frm

Botts 1545 1950 o = 15655 Mear: 149,999

Bodl 1571 Iors 9 1523

Botgs  WTLE 15436 Wedian; 1503812622

Botee 14753 1365

Bodd 147t =) Standard Deviation: 167.072266

Botf2 1475 Distribution Summary 15223

Boted WG Count:100 15105 Shoewness: -0.308827

Bottd 14753 16015 ~

Botd 14735 Mean: 145999995 15524 Kooz 1 226777

Bowsz 14307 a5

Botgs  WELE Median: 1490.023315 15455

Bous  ws2i uzs2

Botdl 14857 Standard Deviation: 124 934572 Js10.8

Bowtd Wk 0.5

Boz  Masd Skewness: 0056577 145

Bowsy  Mand 53

Bowdl 148l Kutoss: 053366 15155

Bots0 w322 15145

Boted 132 1365

S Resut The waiue-of the K.§ test staistc (D) is 0555, e

Botd 5007 The pvelue 155006, Your data Go¢s natier Sigicantly from thal which i rormaly distrbuted 2

Bowad 15147 freen



Scatter Graphs
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