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Industry Overview

INDUSTRY ‘ i

'! @ Larger than Film and Music
! -E ﬁ industries combined
REVENUE
® $135 Bn in revenue ® CAGR ~11.2%

globally in 2019

® Tech Innovation &
® S60.59Bn revenue in US Subscription Plans

o

3

PLATFORMS E:D

@ Largest digital distribution
platform for PC gaming

® 34,000+ games available

® over 8,000 releases in 2018

® 21M+ concurrent users
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Our Goals

How can we help game developers capture a larger audience?

Understand Steam userbase & user behavior

Use this knowledge to build predictive models

Infer the optimal price of a game for a user
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Data Collection & Processing



What data do we need?

e Steam ID . Games owned (App ID) e App ID

e Location e Playtime e Price
e Creation date e Playtime 2 weeks e Genre
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User Data

,e=======--==¢ 100,000 call per day limit

[ 4
[ 4

4

"response”: {"players™: [{"steamid™:"76561198089711761
litystate™:3, "profilestate™:1, "personaname™ : "Brayder
tps://steamcommunity.com/id/braydenmoore/™, "avatar™:
a.akamaihd.net/steamcommunity/public/images/avatars/
31c60f3bl4ch594eecbel9ded9f. jpg”, "avatarmedium™ : "https
aihd.net/steamcommunity/public/images/avatars/60/60:
3bl4c6594eecbe09de9f medium.jpg"”, "avatarfull™:"https:
ihd.net/steamcommunity/public/images/avatars/60/602¢
014c6594eebe09de9f full.jpg", "avatarhash":"602e3cd7(
594eecbel8dedf", "personastate™: 0, "realname™ : "Brayden
nid":"103582791434315620", "timecreated™:1366761917, "

Steam

d a ta b a S e ":0, "loccountrycode™:"US", "locstatecode™ :"VI"}]1}}
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Generating User IDs

76561197982550012 friend 125888404

76561197986688687 friend 1258566

76561197989642450 friend 1250885738

76561198353450678 friend 158457084
2 76561M99035760827 friend 58461130
3 1199035771249 friend 1584570731
(1] 1198023547951 friend 5983719
1 76561198026722662 friend 97347255

2099751 rows olum
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Users' Personal Data

* steamid 4 relationshlp ¢ frlend_since $
0 76561197967007112 fiend 1250885733
1 76561197972326806 friend 1306781161 # function that takes a list of IDs and our APl key, runs the query for
2 7656197982550012 O — def getPlayerSummaries(idList, apiKey):
df = pd.DataFrame()
3 76561197986688687 friend 1258566191 for i in idList:
4 76561197989642450 fiend 1250885738 url = f'hitp://api.steampowered.com/ISteamUser/GetPlayerSumi

try:
- - - - r = requests.get(url)
1 76561198353450678 1584570841 result = json.loads(r.text)

friend
output = pd.DataFrame.from_dict{result{ response'players’])
2 76561199035760827 friend 1584611130 df = it appendioulpul)
3 76561199035771249 friend 1584570731 except:
0 76561198023547951 fiend 1598371922 pass
return df
1 76561198026722662 friend 1597347255

2099751 rows x 3 columns
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Users' Game Data

¢ .
. L
O I Brayden . cames

Thinkpad | PC

Titte  App ID

o

2 Weeks

Game list public

Forever

CURRENT STEAM LOGIN

IS6nke B! .

I : No information given.

Game list private
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Aggregation

Steam ID

Steam Game Data ﬁ
e Country
e Creation Date
Users' Game Data g » Games Owned

e Playtime Forever
e Playtime 2 Weeks

e % of Library Composed of Each Genre

Users' Personal Data }:{

e Average Spent per Game
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|. Game Data

Game Prices

Count

—
45 =10] 55

Game Price

60

TOP 25 Paid Games

Counter-Strike: Global Offensive

Counter-Strike: Condition Zero

Portal 2

Left 4 Dead 2

Counter-Strike: Source The Elder Scrolls | Counter-Strike: | Call of Duty: Half-Life 2
V: Skyrim Condition Zero | Modern

Deleted Scenes | Warfare 2

Half-Life 2: Deathmatch

Fallout: New Vegas Day of Deathmatch || Ricochet
Defeat Classic

Counter-Strike

Day of Defeat:
Source

PAYDAY 2

Sid Meier’s Civilization

' Borderlands 2
Garry's Mad —
| Half-Life 2:

| Episode One

Terraria Half-Life Deathmatch:

Source
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ll. User Data

Number of Users Games Owned Per Player
USA has by far ° - & @ Players in Mexico tend
the most users . - ‘%5";9— X ®©® to own the most games
'.;,‘
- @ 278 .

-.
-

& 2020 Mapbox @ OpenStreetMap

Average Spent Per Game

Spending per game g o, & Russia, Brazil, USA have
IS nearly normal, @ r:}m‘“ = @ e most total playtime
mean of $12.22 | P e

o

o 5 10 15 20 25 30 35

usD & 2020 Maobox © OpenStreatMan
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% of Library that is Single Player % of Library that is Multiplayer
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. ACTION . ADVENTURE . CASUAL INDIE

® ® ® [ ®
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Part IV
Modeling our data

& & Based on a player's characteristics and game preferences, can we
predict how much they are willing to spend on a game? 79




|. Multiple Regression

Best Subset: 15 Predictors

ésl I R-squared 62.9% MSE $3.02
()

Country Creation Date

Residual Plots -
% 11 Genres and g -
% Single Q-Q Plot
% Multi h

& 1 ] - o j"L'I"I-l .
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Vg pen 100 - | 5 1 i ch
2 | . _10 =
0 e --ilji1|| ‘||||r|i_fJ_l_,‘ . . ' . . - -
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Residuals Predicted avgSpent
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ll. Multiple Regression: Simplest Model

Best Subset: 5 Predictors

s Iquuared 56.7% MSE $3.26
Be
Country Creation Date
Residual Plots g,
% Casual and
% Single . Q-Q Plot B
% Multi

Plot of Residuals

per Game Sl

PART IV: MODELING




lll. Decision Tree Classification

Predicting whether a user has a low, medium, or high optimal game price.

Average Spent Per Game

500 -

Low: SO -8
Medium: S8 - 14
High:  $14 - 50

400

300 -

Users %
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Predicted

Low \Yi[=Te| High

Low
Accuracy Score

Control: SteamlID 42.8%

\l=Te|

Actual

High

dubut Predicted
Creation Date
Low \i[=Te High

% 11 Genres
% Single/Multi

Accuracy Score
66.2%

Actual

Avg Spent per Game
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Part V
Conclusions & Insights




Key Takeaways

—_—
=y
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, .
Q Industry Wise

(s

People are willing to spend more on Single Player games and Multi Player
games (highest T-value) compared to Indie and Casual games (lowest T-value)

User Wise

People who has been a long time Steam user are generally willing to spend
more than new users
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Model Recommendation
Multiple Regression: Simplest Model

Best Subset: 5 Predictors
; I I R-squared 56.7% MSE $3.26 I

Country Creation Date @ Higher Precision
% Casual .
:,fi,',zilf @ Fase in Interpretation

Avg Spent @ Data Accessibility
L _

per Game
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Number of Users Playtime in the Last 2 Weeks

APPENDIX

#1: Visualization by Countries

Average Spent Playtime Forever




APPENDIX

#2: 15 Predictor Multiple Regression Coefficients
R-squared 62.9% MSE $3.02

Coefficients

Term SE Coef T-Value P-Value
Constant -0.873 0.615 -1.42 0.156

playtimeForever ~ 0.000000 0.000000 0.90  0.366

Normal Probability Plot
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APPENDIX

#3: 5 Predictor Simplest Multiple Regression

Coefficients

Term SE Coef T-Value

Constant 2.238 0.570 -3.93

casualProp -0.25679 0.00816  -31.48
singProp 0.19170  0.00477 40.17

I

multProp 0.05268 0.00433 12.15

timeCreated C 14.06
country

P-Value
0.000
0.000
0.000
0.000

I R-squared 56.7%

Residual Plots
and
Q-Q Plot

Plot of Residuals

Frequency
B
(=]

0 I T 1 1 1 1
-10 -5 0 5 10 15
Residuals
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MSE $3.26 I
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