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ABSTRACT

CHURN PREDICTION IN HYPER-CASUAL GAMES

Emre Can Biger
Big Data Analytics and Management Master’s Program

Thesis Supervisor: Assoc. Prof. Yiicel Batu Salman

December 2021, 42 Pages

People's interest in mobile games is increasing day by day. Especially in recent years,
when smartphones have become widespread, both the number of players and the number
of investments made in this field have increased. With such an accessible area, it is
possible to see millions or even billions of users for some games. As the number ofusers
has increased, the concepts of churn and retention have become more important. This
study focuses on determining the causes of churn in the hyper-casual game genre, which
has been a rising value in recent years. In the study, modeling has been made with
different machine learning algorithms over real data of a hyper-casual game whose
company and game name are kept secret. Within the scope of churn analysis, the
definition of churn was determined as seven days due to the characteristics of the data
and the distribution of revenue. According to the churn definitions made for the study,
the results of different machine learning algorithms were compared. As a result,
important variables that cause churn for the hyper-casual game used in the study were
determined.

Keywords: Churn, Retention Rate, Hyper-Casual Game, Machine Learning



OZET

HIPER GUNDELIK OYUNLARDA CHURN TAHMINI

Emre Can Biger
Biiyiik Veri Analitigi ve Yonetimi Yiiksek Lisans Programi

Tez Danigmani: Dog. Dr. Yiicel Batu Salman

Aralik 2021, 42 Sayfa

Insanlarm mobil oyunlara olan ilgisi her gegen giin artiyor. Ozellikle akilli telefonlarin
yaygmlastig1 son yillarda hem oyuncu sayis1 hem de bu alana yapilan yatrmlarm sayis1
arttt. Boylesine erisilebilir bir alan ile bazt oyunlar i¢in milyonlarca hatta milyarlarca
kullamct  gérmek miimkiin. Kullanici sayis1 arttikga, kullamic1 kaybi ve elde tutma
kavramlar1 daha 6nemli hale geldi. Bu caligma, son yillarda yiikselen bir deger olan hiper-
giindelik oyun tiirtinde kullanici kaybmmn nedenlerini belirlemeye odaklaniyor.
Caligmada, sirket ve oyun adi gizli tutulan bir hiper-giindelik oyunun gergek verileri
iizerinden farklh makine 0grenme algoritmalari ile modelleme yapimustr. Kullanici elde
tutma oran analizi kapsammda verilerin 6zellikleri ve gelir dagihmma gore kayip tanimi
yedi giin olarak belirlendi. Cahsma i¢in yapilan kayp tanimlarma gore farkh makine
Ogrenme algoritmalarinin  sonuglar1 karsilagtirildi.  Sonug olarak, ¢aligmada kullanilan
hiper-giindelik oyun i¢in oyun kaybma neden olan énemli degiskenler belirlenmistir.

Anahtar Kelimeler: Kullanict Kaybi, Elde Tutma Orani, Hiper-Giindelik Oyun, Makine
Ogrenimi
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1. INTRODUCTION

In today's world, where digitalized and smart phones are widespread, the interest in
mobile games is constantly increasing and they are becoming easier to be reached. The
concept of churn has become very important, with the number of million-level players
and even the billions in some games. The high number of users will increase the income
in the mobile gaming industry. The total number of mobile game users in 2021 is expected
to exceed 2.7 billion, and revenue is expected to exceed 100 billion dollars by 2023
(Statista 2021 ).

With the increase in the number of users and revenue, the perspective of game developers
on games also changed. How the level designs should be, when and how the
advertisements shown in the game will appear, the importance of the payment
transactions for the game, the campaigns given to the players have become important
points. In fact, these are issues related to the concept of churn in general. User trends
towards these given examples and their counterparts have become focal points in churn
analysis. For this reason, the game developers started to collect the data in their hands in
the best way and use them to extract insight with various tools. However, churn models

led to differentiation and game developers to get to know their users better.

This study has been done on churn analysis in the gaming industry. The focus of the study
is to support churn analysis with various machine learning models and make inferences
over variables. Studies in the literature that may be related to this subject have been
examined and included in the study. It was focused on which models were used, which
variables were found important, and the study was designed accordingly. The data
analysis and modeling part required for churn is made for a game belonging to a hyper-
casual genre whose company and game name are kept secret. In this context, studies of
all game genres and other sectors have been examined and shared within the scope of the
study. Studies in every sector in the literature have shown that the machine learning

algorithms applied are similar to each other, and the definition of churn changes only



according to the sectors and business. For this reason, the churn analysis and applied

models in this study were chosen accordingly.

Descriptive analyzes were performed first, similar to the studies in other works in the
literature. Later, after the churn definition was made, models were

developed with different machine learning algorithms. By comparing these models, those
giving the best results were determined and important variables causing churn were
determined.

In this study, the subject that is mainly examined is hyper-casual games. The dataset used
in the study was also selected in this context. Although hyper-casual games are similar to
casual games with some features, they have their own characteristics due to both game
dynamics and gameplay styles. For this reason, they differ from both casual and other

genres.

Hyper-casual games, which distinguish them from casual games in terms of game
dynamics, are launched in a simplified way. In other words, hyper-casual games are the
genre of games that give importance to relatively simple visuals. The most important
features are that they are free, designed as never ending, and played with one hand. A lot
of hyper-casual games have been released recently, as copies of each other because of

their simplified structure.

Due to the large number of users, the importance of churn has increased. In this study, it
is aimed to determine the causes of churn by using various machine learning models with
the determined variables of our game. Open source tools are used in this study to create
Churn models. Both R programming and python's libraries suitable for analysis and
models are used. The game that is used in the work is selected for the study can be
included in the hyper-casual game category in terms of game mechanics. Until now, there
has been no study examining hyper-casual games through the concept of churn. The
contribution of the study to the literature is that it is the first work done in the hyper-
casual game concept and it contributes to churn analysis by analyzing hyper-casual



games. Due to the increasing interest in this genre, it is quite possible that the studies to
be carried out in this way will increase in the future.
1.1 HYPER-CASUAL GAME HISTORY

The emergence and popularity of the term hyper-casual game dates back to 2017. First of
all, comes the laundering 'Flappy Bird' game. This simple game, which has received more
than 50 million downloads and is world-famous, may have enabled many similar games

in this genre. World-renowned companies such as Kwalee,

Ketchapp and Voodoo are the leading companies for this genre. In our country, many
game companies that have turned their focus to the hyper-casual genre have recently been
established and the game has been released. Since the first day of their release, these
games have generally focused on 2D game design, have been free and presented to users
without a tutorial unlike other games. Advertising revenues from hyper- casual games

consist of rewarded, banner and interstitial categories.

1.2 COMPRASION of CASUAL and HYPER-CASUAL GAMES

Casual games are games that can belong to many different genres that almost everyone
plays. Many games that can be classified into categories such as puzzle, racing, action
can also be classified as casual. The hyper-casual genre, which appears as a different
version of casual games, has become a genre whose name has been mentioned in recent
years. It can differ from casual games both in terms of game dynamics and gameplay
style. In addition, the most important features are the game life.

Hyper-casual games differ from casual games in that they have a simple game mechanics.
They offer 'tap-to-play' or ’swipe-to-play’ or ‘hold-to-play’ and the convenience of
playing with one hand. With the widespread use of such games, many world-famous
companies have started to release such games. Their most important features are that
almost all of them are free to play and there is no need for tutorial and instructions to play.
While casual games try to target more loyal gamers who bring more revenue, hyper-
casual games appeal to the mass market. They aim simple mechanics, large number of

people and low number of retention days when compare to casual games. While it is



played in this way and the effect on the user is different, its important feature is that it
disappears quickly. The emergence of many similar hyper-casual games has also been
effective in this (GameAnalytics 2021).

1.3 RETENTION RATES in HYPER-CASUAL GENRE

Hyper-Casual games are known for their short life span. A large part of its revenue is
generated by the performance of the users in the first days. According to GameAnalytics
analysis, dayl retention should be at least 40% and day7 retention should be at least 15%

for this category. Otherwise, the game will not be profitable.

For this reason, it is thought that at least these rates should be achieved in order to be
considered successful and continue investing (GameAnalytics 2021). For this reason, it
is important to investigate the causes of churn and act accordingly. In this way, it is easier
to keep the users inside and thus the revenue is increased. Considering the retention rates
of day30 except dayl and day7, quite low values are seen. Because of their short life span,
almost all of the users churn by the thirtieth day. The dataset to be used in this study also

confirms this.

If we look at the game examined in this study from this perspective, the dayl retention
rate is around forty eight percent, while the day7 retention rate is around twenty two
percent. Therefore, we can say that the hyper-casual game discussed in the study is
successful in retention. In line with the features of hyper-casual games, the thirtieth day

retention rate is only percent 1.3.



2. RELATED STUDIES

Various studies have been done for the churn in the gaming industry. While there are
online and casual studies according to game types, there is no special work belonging to
the hyper-casual category. Within the scope of this study, the studies in the literature were
examined under three different main titles as those related to casual games, those related
to online games and those related to other sectors such as telecom, bank, insurance and e-
commerce. Online games are mostly strategy, while casual games include games of
different genres such as puzzle, racing, action. In this way, churn studies in different game
types will be examined and analytical models will be applied accordingly. Similar studies
in both the game industry and other sectors will shed light on the analysis and models to
be made in this study.

The following studies have been examined within the scope of churn studies for online
games.

One of the most important factors in online games, the concept of event positively affects
especially old loyal players. In the study conducted on this subject in 2019, it was found
that this issue was especially positive for the audience who played the game for a long
time (Parketal. 2019). Another study is based on The Settlers Online game. In this study,
churn analysis was performed by comparing more than 1000 variables and 8 different
machine learning models (Rothmeier etal. 2020). Intheir work random forest model gave
more than 99% AUC performance. Churn definition was determined as 14 days in this
study. In another study, the effect of social network analysis on online games was
examined (Otte et al. 2002). Concepts such as group and clan formation, which are
frequently encountered in online games, enable the relations between players to be
examined. Inthis study, it was determined that direct or indirect relationships established
between actors can be used in churn works (Otte et al. 2002). Another churn study on
online games was done for EverQuest Il (EQII). The authors took the study from the
theories on this subject and compared it with real data studies in the EQIlI game. They
analyzed the player motivation they gained through different approaches and supported
them with their studies. As a result of their work with real dataset on the EQII game, they

concluded that the motivation of the player is the key factor on the churn analysis on that



game (Zoheb et al. 2012). Kim et al. (2017) conducted a churn study by examining 3
games. One of these 3 games was an online game called TagPro. In the study where more
than 10 million player logs were examined, variables such as activeDuration,
consecutivePlayRatio, playCount, winRatio with high AUC values were found to be
important. A churn study was conducted on Thirty-six Stratagems, another online game,
in 2019. In this study, the of churn was determined as 3 days, and different machine
learning algorithms such as logistic regression and random forest were used in the study.
The AUC values for this game were found to be 0.711 for the logistic regression, 0.739
for the support vector machine, and 0.761 for the randomforest (Yang etal. 2019). In that
work, they developed features, and they showed that developed features gave better
results than the model having baseline feature. In the study conducted on the Age of
Ishtaria online game, positive results were obtained by churn analysis with variables such
as purchase amount, last level (Bertensetal. 2017). Their model wasrelied on conditional
inference survival ensembles, and it shows that playtime and level degree have important
impact on churn and retention analysis. Another researchon this subject was conducted
for the famous South Korean game Aion (Lee et al. 2020). Since most of the income in
online games comes from loyal users, this research has focused on this. As many users in
the game do not contribute to the game in terms of revenue, a model has been developed
to help maximize revenue, a model has been developed to help maximize revenue for
churn. Castro and Tsuzuki (2015) proposed a frequency analysis approach for churn
estimation of features. The analytical modeling in this study was done with a 9: 1 train-
test ratio, and the k-NN classification algorithm was used. In another study in this area,
high churn performances were obtained by excluding purchasing variables by using only
cognitive psychological features on the game called Crazy Dragon (Jeon et al. 2017).
They used decision tree and random forest models. Since their dataset was imbalanced,
they applied undersampling methods. For both algorithms undersampling methods gave
better results. Another study was made for the game Top Eleven - Be A Football Manager
using two million data (Milosevic et al. 2012). In this study, logistic regression, decision
tree, random forest, Naive Bayes and gradient boosting models were used. Among the
models, gradient boosting gave the best results. In this study for Top Eleven, the AUC
values were 0.79 for logistic regression, 0.67 for decision tree, 0.80 for spv and 0.73 for

naive bayes. Another study has been done on how online games affect usability retention.



(Papaloukas etal. 2010). In this study, the world famous "Age of Mythology" and "Seven
Kingdoms™ plays have been examined. It was made for the Sony Everquest Il game for
another online game study (Srivastava et al. 2012). for the Sony Everquest Il game for
another online game study (Srivastava et al, 2012). As aresult of their study, they revealed
that actor motivation is the most important factor affecting the churn. In another study
conducted with online games, it has been revealed that establishing a social network and
being included in groups is an important factor for users (Pirker 2018).

The following studies have been examined within the scope of churn studies for casual

games.

The churn study for Diamond Dash and Monster World Flash, which are the world-
famous casual games, was made using 4 different models (Runge et al. 2014). In this
study, the definition of churn is made over 14 days, and descriptive analyzes show that
top percent 7 of paying users contribute approximately 50% of the total income. Neural
network gave the best AUC performances for both games. That algorithm gave 0.815
value for Diamond Dash and gave 0.93 for Monster World. However, logistic regression
has worked almost as well as a neural network. Decision Tree and Support Vector
Machine showed low performance especially for Diamond Dash game. The AUC values
for Diamond Dash are 0.815, 0.814, 0.732 and 0.762 for neural network, logistic
regression, decision tree and support vector machine algorithms, respectively. In addition,
the values for Monster World Flash are 0.930, 0.924, 0.850 and 0.903 for neural network,
logistic regression, decision tree and support vector machine algorithms, respectively.
(Runge et al. 2014). In another study, churn analysis was performed using Discriminant
Analysis, Collinearity Test, Network Analysis on features and Bayesian Belief Network
methods for the Wuzzit Trouble game and the results were presented (Qui Wang 2018).
In this study, the aim gives analytical researchdesign of the churn analysis graphically.
On the other hand, the author indicated that lacking data was the biggest restriction for
this research. In another study, people's interest in casual game types according to age
was investigated (Chesham et al. 2017). They showed that casual video games have
properties that are appropriate for older people. However, this work was done with 16
healthy adult people. In a study that contributed to online games, 2 games were analyzed
in the casual category (Kim et al. 2017). In this study, Dodge the Mud, a casual action

type, and an unnamed casual racing game were analyzed. In the context of the work



different algorithms were used such as logistic regression, gradient boosting, and random
forests) and two deep learning algorithms (CNN and LSTM), and sensitivity analysis for
OP and CP. The two most important variables for both casual games were the duration of
activity and the play count. In this study, logistic regression, gradient boosting, random
forest, CNN and LSTM algorithms were used for 3 different games. AUC values of 0.786,
0.791, 0.787, 0.774 and 0.792 were found for the first game, respectively. For game 2,
AUC values of 0.711, 0.728, 0.722, 0.691 and 0.686 were found, respectively. The AUC
values found for the 3rd game are 0.824, 0.824, 0.822, 0.798 and 0.803, respectively (Kim
etal. 2017). Inaddition, the other work they also made new player analysis in their work.
In another study for mobile casual games, the definition of churn was made as 10 days,
and more than one technique was tried (Perianez et al. 2017). They applied survival
ensemble, support vector machine, naive Bayes and decision tree. In their work survival
ensemble gave the best AUC performance. Morevoer, last purchase amount and days
since last purchase are the most important variables for survival ensemble algorithms. In
another study, unlike other studies, a propose model was developed over the data of many
games obtained from Samsung Game Launcher, and it was determined that the developed
propose model gave better results than other techniques (Liu et al. 2018). They applied
different machine learning algorithms and they consider churn definition as 14 days.
Harrison and Roberts (2013) made an analytics-driven dynamic game adaption study for
Scrabble, which is considered a casual puzzle game. Morevoer, the same authors also
conducted a psychometric evaluation study for casual games (Harrison and Roberts
2015). In another study, churn estimation has been made for 6 different games. Logistic
Regression (LR), support vector machine (SVM), Random Forests (RF)) and the
aforementioned features were used for churn and retention prediction. In addition, within
the scope of this study, in addition to the base variables, different variables were produced
and it was determined that the variables produced later were more effective in churn
estimation (Yang etal. 2019). In a study similar to other studies, 'Number of Sessions'
and 'Number of Days' emerged as important variables from churn analysis (Hadiji et al.
2014). They applied decision tree, neural network, logistic regression and naive Bayes
algorithms, and decision tree gave the best performance. In addition to other model
studies, the study was made in order to assess the churn and retention tendency of users

by analyzing sentiments of users from the comments on games by implementing deep



learning and word embedding models (Kilimci et al. 2020). It is seen that text-based
analysis can also be done through the comments of this study. Word2vec, GloVe and
FastText text based embedding algorithms were used in this study. These studies were
made for 4 different games, and CNN, RNN, LSTM, as well as Glove, FastText and
Word2Vec models were used. Another text-based churn research was conducted on
endless runner games. The world-famous Temple Run and JetPackJoyride are the biggest
examples of such games. In the study, some words for text mining were classified as'high
score' and some words as 'low score'. Continuing in this way, 3 segments were created as
high score textual feedback, low score textual feedback and no textual feedback. As a
result, it was determined that the high score textual feedback segment has a positive effect
on churn (Padte 2019). In another casual game research, churn studies were performed
with different models (Kristensen and Burelli 2019). LSTM models gave the best
performance for AUC, accuracy and f1 score. In this study, it is stated that the variables
showing the degree of activity in recent times are important indicators for churn. Another
study was researched with asurvey of 147 people who quit the Facebook-based YoWorld
game (Bergstrom 2019). More than half of the participants in the study stated that they
could not find time in daily life due to various reasons and had to take a break. Only 5 of
the 147 people in the study stated that they quit because they were bored. Since the study
in the study proceeded through the questionnaire contrary to the general churn perception,
and the audience was small, it was not supported in an analytical way.

The following studies have been examined within the scope of churn studies for other
sectors.

One of the churn studies in the Telecom industry was done in 2019 (Hargreaves 2019).
In this study, churn and revenue effects are discussed together. Revenue was ten times
the investment made in the Churn strategy. In the study, logistic regression provided the
highest accuracy value with 75.3%. Another study in the telecom sector was carried out
in 2020 (Lalwani et al 2020). In this study Regression, naive Bayes, support vector
machine, random forest, decision trees, boosting methods are used. Adaboost and
XGBoost Classifiers methods gave the best results with an accuracy of 84%. In this study,
train test ratios were used as 4: 1. Another study in the telecom industry was conducted
in 2018 using logistic regression, support vector machine, random forest and gradient

boosting algorithms (Gaur and Dubey 2018). Gradient boosting algorithm gave the best



accuracy value with approximately 84.6% in the study. For the dataset in the study, the
train test ratio was taken as 3: 1. Another study in the telecom sector was discussed in
2015 (Vafeiadis et al 2015). In this study, firstly algorithms such as logistic regression,
decision tree, naive Bayes are applied. Later, performance enhancing boosting algorithms
were developed. The best overall classifier was the SVM-POLY using AdaBoost with
accuracy of approximately 97% and F-measure over 84%. Another study in the telecom
sector was conducted in 2019 (Ullah etal 2019). The random forest model applied in this
study performed well with an accuracy of 88.6%. Another churn study in the telecom
sector was carried out on customer service in 2018 (Sabbeh 2018). Among the machine
learning algorithms used in this study, random forest and ADA boost gave the best
performances with 96% accuracy values. In addition to these models, multi-layer
perceptron, support vector machine, decision tree, naive Bayes, linear discriminant
analysis and logistic regression algorithms have also yielded good results. Another study
was done in the banking sector in 2016 (Kumar and Chandrakala 2016). In this study,
Chinese bank dataset was used and Decision tree, ANN, SVM and hybrid models were
used. Improved balance random forest model gave the highest accuracy results. Another
study was carried out with a dataset from kaggle for the banking sector (Rahman and
Kumar 2020). KNN, SVM, Decision Tree, and Random Forest algorithms were used in
this study. The Random Forest model has been the best machine learning algorithm when
comparing accuracy values. Another study in the field of banking was conducted in 2008
(Jing and Xing- hua 2008). In this study, a churn analysis has been made on commercial
bank VIP customers. Machine learning algorithms such as artificial neural network,
decision tree, logistic regression, support vector machine and naive Bayesian classifier
were used in the study. While the accuracy values of all the algorithms applied in the
study remained below 60%, the SVM algorithm gave the best result with an accuracy of
59.7%. A study in the field of retail banking was conducted with a data from a bank in
Indonesia in 2019 (Karvana et al 2019). The models applied in the study were made with
57 variables. Five different machine learning algorithms were used in the study, and the
support vector machine algorithm gave the best result. Unlike other studies, the train-test
rate in the study was 50-50. Another study in retail banking was done in 2008 with 5000
records (Popovic 2008). Canonical discriminant analysis, k-means, fuzzy methods were

used in the study. With the techniques used in the study, accuracy rates around 63% were
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calculated. Unlike other studies, another study was conducted on the insurance industry
(He et al 2020). The dataset used in this study was provided by Markel Corporation. In
the study, logistic regression, random forest, extremely randomized tree (extra trees)
classifier, support vector machine, automated machine learning, neural network and
gradient boosting algorithms were applied. While the models gave similar accuracy
results, they were all below 70% accuracy. Another study in the insurance sector was
conducted with a different technique in 2004 (Morik and Kopcke 2004). Algorithms were
applied with the TF-IDF technique and high accuracy results were obtained. In the motor
insurance sector, studies were conducted using four different models in 2016 (Bolance et
al 2016). In the study, logistic regression, conditional tree, neural network and support
vector machine algorithms were used. In terms of accuracy, the support vector machine
algorithm gave the best result. A study within the scope of health insurance was conducted
as a master thesis in 2015 (Huigevoort 2015). In the comparison of accuracy values of
models, logistic regression and neural network algorithms are the methods that give the
best results. Studies examining churn and retention models in the field of e-commerce
have also been conducted in other sectors (Yu et al 2011). In this study, artificial neural
network (ANN), decision tree, support vector machine and extended support vector
machine algorithms are used. When the accuracy rates were compared, the extended
support vector machine was the model with the best performance. Another study in the
field of e-commerce was made with an e-commerce dataset in China in 2018 (Yayun
2018). Logistic regression, neural network, support vector machine and xgboost
algorithms were applied over the dataset in this study. Although the models gave similar
results from the accuracy calculations, the xgboost algorithm gave the best performance
with an accuracy of 0.88. Another study was conducted with the data of a company
working in the food delivery service from Iran (Raeisi & Sajedi 2020). The purpose of
this study is to make churn estimation on customers by examining online features and
user behavior. Various machine learning algorithms were applied in the study, and the
algorithm using gradient boosted tree with an accuracy of 86.9% gave the best resul.
Another e-commerce churn modeling was done using support vector machine and neural
network algorithms (Zhao 2014). In this study, firstly, predictions were made with SVM
and NN models. Later, the SVM model was applied again by combining the estimates

obtained different from other models. The last combined SVM model applied gave the
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best performance. A churn survey study, which can be considered as a summary of his
work in other sectors, was discussed in 2018 (Santharam and Krishnan 2018). The aim of
this study is to reveal which algorithms are used for churn models applied in all sectors.
This study can also be called a summary of churn models according to sectors. In this
study, it was shared that models such as logistic regression, random forest, decision tree,
neural network, and support vector machine are used for churn models in almost all
sectors. It is seen that fuzzy, k-means algorithms are used for patient churn analysis, and
xgboost algorithms are preferred in studies involving subscriber data. It is stated that 18
different algorithms are used in various churn models in total, and the reasons causing
churn are investigated with these models.

In the literature review, various studies belonging to both the game industry and other
sectors have beenexamined. As a result of these investigations, although there are certain
differences, it has been observed that the algorithms used in churn models are similar in
many studies. The different points are related to the general definition of churn. It is
possible to see different churn definitions in the sector, even within the game genres. For
this reason, it would be more correct to examine the dataset to be used in the churn
definition. Because each dataset may have its own characteristics, this should not be
ignored when creating the target variable. The models applied in the studies and the
variables used were examined and used appropriately in this study. Almost all of the
models applied in similar studies in the literature were also used on the dataset in this
study. Similar to the studies in the literature, the models were compared, and the models
with the best results were specified as accuracy values. Although various analytical tools
were used in the literature for the models, R and python tools were used in this study.
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3. DATA ANALYSIS AND MODELLING

3.1 DESCRIPTIVE ANALYSIS

Before starting analytical studies, descriptive analyzes have been examined in this section
to get to know the data and to reveal the features of hyper-casual games. Since the
distribution of the variables to be used in the data according to the target variable, the
characteristics of the variables such as level and revenue are important both in generation
of new variables and selection of the target variable, their analysis has been made. Firstly,
the features of the hyper-casual games in the sector have been revealed. Afterwards, it
was compared whether it gave results compatible with the data used in the study.

As mentioned before, according to GameAnalytics data, dayl retention should be at least
40 percent in this category, and day7 retention should be at least 15 percent, let's say the
game can earn money. These values are provided for the hyper-casual game examined in
this study. It can be said that analyzed game achieved success according to the hyper-
casual retention metrics. Below you can see the retention rates of arcade games shared by
GameAnalytics.It is not officially named as Hyper-casual on store, it’s being examined
on the site under the name arcade.

Figure 3.1: Retention rates in hyper-casual games over time
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=
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Source: GameAnalytics, 2019 report
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The graphic from GameAnalytics above shows the retention rates for hyper- casual
games. In the graph below, this study shows the retention rates of the game examined.
The game examined in the study has the characteristic of being a typical hyper-casual
game. In the first days after starting the game, the retention rate decreases rapidly and
there is almost no user left at the end of a month. It is even one of the successful games

according to the metrics given.

Figure 3.2: Retention rates in dataset used

Retention Rates
60,0%
50,0% 48:0%
40,0%
30,0%
..21,7%

20,0%

10,0% b,

0,0% T
Dayl Day7 Day30

According to GameAnalytics data, as hyper-casual games are compared with other genes,
dayl is among the best 5 genres according to retention rates. In this respect, it performs
better than casual games. But when it comes to day7 retention rates, it drops to 10th
(GameAnalytics, 2019). As we understand from here, users who play hyper-casual games
tend to leave the game in a short time. This further increases the importance of churn and

retention analysis on this genre.
Various descriptive analyzes have been made for the dataset to be used in the next part of

the study. Before the modeling studies, this section was made to recognize the data and

to see how the variables are positioned according to the target retention rates.
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3.1.1 Revenue

There are three different types in the data as Revenue. All three of these are one of the
sources of income for many companies in the gaming industry. These come from the
banner, rewarded and interstitial categories, respectively. When we looked at dataset, we
saw that the majority of the income from the game is coming from the interstitial category.
Interstitial impressions are opened as images in full screen. These mostly occur in the
natural course of the game. It can be confronted by the user when switching between
levels or when the game is paused. Therefore, the income from here is more likely to be
higher. Banner impressions are usually rectangular, on the right, left, above or below the
screen while the game is playing or pausing. Itis likely to receive fewer clicks compared
to interstitial impressions. Rewarded impressions are followed by the promise of a certain

response to users. This could be an extra life or extra time.

Figure 3.3: Cumulative revenue as time passes
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By looking at the graph above, the cumulative distribution of the income collected in the
game can be monitored. The striking point here is that users participating in the game

bring a large part of the income they will bring in the first few days. When it comes to
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Day7 retention, approximately 90 percent of the total revenue is obtained. For this reason,
hypercasual games are short-lived games that should constantly be included in new users.
3.1.2 Level

One of the reasons that causes churn in hypercasual games is level design. Factors such
as the level being too difficult or too easy, taking a long time to complete may cause the
user not to continue the game. Therefore, in this study, the last completed level variable
within the scope of churn analysis will be included in the modeling.

Figure 3.4: Last completed level analysis
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The graphic above shows which levels are completed and users churn after completion.
Looking at some points, it is possible to see remarkable levels. There are high churn
counts, especially up to level 117. Afterwards, there is no point that draws attention until
the levels of 1000. Therefore, it is very important for users to reach 117 departments.

Firstly, 3.3 percent of the users quit the game after completing the 10th level. There is no
such ratio until the 65th level. Therefore, it may be necessary to review level 11. The next
big point is level 66. Because approximately 39 percent of those who completed the 65th
level quit the game. This is a fairly high rate, indicating aproblem with level 66. Probably
this level is quite difficult and users cannot pass. Later, approximately 12 percent of those

who completed the 67th level quit the game. This shows that level 68 needs to be
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re-examined.

3.1.3 Device

Nowadays, with the spread of tablets, games are designed for both smartphones and
tablets. For this reason, it may be important to follow users in this way, too. The devices
of the users who play the game are categorized as iPad and iPhone. When we look at this
breakdown, approximately 85 percent of the users in the dataset used in the study play

the game on the iPhone. The rest are progressing in the game with their iPads.

Figure 3.5: The used device comparison

Device Comprasion

5000
5000
4000
3000
2000

1000

iphone ipad

3.1.4 Ever_Next_Day Play Variable

If we look at the variable whether the users have ever arrived the next day or not, we can
see the significant difference. The retention rates of users who tend to come at least once
the next day are much higher than those who never come the next day. The game we will
remove from here is to trigger the incoming user quickly and make them come to the next
day at least once. In this way, it may be possible to talk about the user's loyalty to the
game. In parallel with this, the variable count_active days, which shows the minimum

number of users arriving on different days, also validates this variable.

17



Figure 3.6: Distribution of the ever_next_day_play feature
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3.2 MODELLING

3.2.1 Methods Used

After descriptive analysis, 7 different machine learning algorithms were applied for the
data of the study. These are linear regression, logistic regression, support vector machine,
k-nearest neighbor, decision tree, random forest and deep neural network, respectively.
While choosing the models, it was aimed to look at the performances with different types
of algorithms by choosing both regression, classification and deep learning techniques.
In the next part of the study, the working methodologies of these models are explained
briefly. To be able to use the mentioned methods, the dataset has been made suitable for

R and python modeling. Afterwards, models were applied through appropriate libraries.

3.2.2 Linear Regression

Linear regression evaluates the linear relationship between two continuous variables to
estimate the value of a dependent variable based on the value of an independent variable.
While there is only one input feature in linear regression called simple, there is more than

one feature in multiple linear regression (Freedman, 2009).
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3.2.3 Logistic Regression

Logistic regression was first mentioned to literature in 1967 (Walker and Duncan, 1967).
Briefly, logistic regression is a statistical method used to analyze a data set with one or
more independent variables that determine a result. The result is measured by a binary

variable (there are only two possible outcomes).

3.2.4 Support Vector Machine (SVM)

This method was used in literature both as classification and regression studies in 1995
(Cortes and Vapnik, 1995). Support Vector Machines (SVM) are the separation and
classification of points on the plane by a straight or hyperplane. It is suitable for small or
medium data sets. It is sensitive to scale. It must be scaled. Morevoer, it works on

numerical variables.

3.2.5. K-Nearest Neighbor (KNN)

This algorithm can also be used for both classification and regression studies like SVM
(Coomans and Massart, 1982; Altman, 1992). With KNN, basically, the closest points to
the new point are searched. K represents the amount of the closest neighbors of the
unknown point. The amount of k (usually an odd number) of the algorithm is chosen to
estimate the results. K value should be chosen carefully to get good results. While small

K values show less stability, higher K values canincrease the error rate.
3.2.6 DecisionTree
Decision trees is a classification method that creates a model in the form of a tree structure

consisting of decision nodes and leaf nodes by feature and target. Decision tree algorithm

is developed by breaking the data set into smaller or even smaller pieces (Quinlan, 1986).
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3.2.7 Random Forest

It is an algorithm that aims to increase the classification value by generating more than
one decision tree during the Random Forest classification process. Decision trees created
individually come together to form a decision forest. The decision trees here are randomly

selected subsets from the data set they are linked to (Ho, 1995).

3.2.8 Gaussian Naive Bayes

This algorithm is basically based on Bayes' theorem and expressed as explained below
(Friedman, Geiger, & Goldszmidt, 1997).

Figure 3.7: Bayes rule

P(B |_4) P(A)
P(A |B) = —_—
P(B)

Definitions and rules in Bayes theory are as stated;

a. The events to be included in the probability calculation are shown with variables A
and B.

b. P (A) shows the probability of the A event while P (B) shows the probability of the B
event.

c. The probabilities are independent of each other and the probability of B variable can
never be equal to zero.

d. When an event is known to occur, the probability of another happening is called
conditional probability. For example, knowing B, the conditional probability of event
A is expressed as P (A | B). Likewise, the conditional probability of event B when A

is known is expressed asP (B | A).

3.2.9 Deep Neural Network

The deep neural network algorithms used in the study are multi-layered versions of

artificial neural networks that are inspired by the information processing method of the
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human brain. Multi-layer perceptron models work with feed forward method and back

propagation algorithm (Schmidhuber, 2015).
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4. PROPOSED WORK

41 CHURNDEFINITION

The definition of churn is the time that varies from sector to sector, with the assumption
that the user does not come back to the game. While there may be long periods in sectors
such as telecom, banking, insurance, this concept is lower in the gaming world. In fact,
care should be taken when evaluating the genres of the game within themselves.
Especially in the hyper-casual game category where retention rates are low, low-time
churn definitions should be made. Because in a short time, most of the players are lost
and a large part of the retention is obtained.

Since the dataset used in the study was examined as revenue and retention as shown in
the descriptive analysis, it was decided to define the churn as seven days. Because the
game monetization reaches very low levels after the seventh day and the retention rate is

very low after the seventh day.

4.2 FEATURES

Work has been done with the algorithms briefly mentioned above. As a result, metrics
associated with algorithms were compared. The data used in the study contains
information of 5790 users. Studies have been carried out to determine how these users
churn after starting the game.

The data set in the study includes the following variables:

a. User_id (it shows the unique user id),

b. Banner_revenue (it shows the adversiment shown type 1),

C. Interstitial _revenue (it shows the adversiment shown type 2),

d. Rewarded_revenue (it shows the adversiment shown type 3),

e. Total revenue (it shows the sum of first three revenue features),

f. Count_active_days (it shows the number of different days actively seen)

g. Ever_next_day play (This is the variable that indicates whether the user

played the game  again the next day or not, 1: yes, 0: no)
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h. Last_completed_level (it shows the last level the user has successfully
completed),

. Iphone_ipad (which device is used, 1: iPhone, 2: iPad),

J: Day7_retention (target variable: whether the user has churned for 7 days after

starting the game, O: churn, 1: keep playing)

Since most of the rapid churn rate and income in the study came on the 7th day, the
definition of churn was made as 7 days. For the applied models, the train-test data is
divided into 70:30 ratio. Since the user_id column does not make sense, and the
day7_retention column is the target variable, the models are applied over 8 columns.

The lack of payment variables specific to variables is an obstacle. As can be seen in other
studies in the literature, it has been revealed that purchasing for the game is an important
factor over churn. For this reason, modeling algorithms without these variables were

applied in this study.
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5. RESULTS and DISCUSSIONS

Different models were made with various algorithms for the data used in the study. The
results of these were also categorized within themselves and shared in the following part

of the study.

5.1 PERFORMANCE MEASUREMENTS

Since the target variable for the models in the study is a binary value, confusion matrixes
were created and accuracy values were examined. Also, the churn ratios in the dataset do
not generate the imbalance dataset on the seventh day. Therefore, we can look at the
accuracy rates. If we were modeling according to day30 retention rates, we would not be
able to look at the accuracy rates, because the retention rate of the data is very low, sothe
accuracy values would always be high (Visa and Ralescu, 2005). For this reason,

comparisons of models can be made by looking ataccuracyrates in current churn models.

The model can be evaluated according to the table and formula below. Accuracy value

ranges from 0 to 1. The closer to 1 indicates the higher the accuracy.

Figure 5.1: Confusion matrix table

Real churn Predicted churn

1 0
1 True Positive (TP)  False Negative (FN)
0 False Positive (FP)  True Negative (TN)

Calculations are made with 4 outputs obtained from the table above. The meanings of

these 4 outputs are briefly defined,;
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True Positives
It is a definition showing the class that is estimated to be 1 as a binary value and actually
has a value of 1.

True Negatives

Itis a definition that shows the class that is estimated to be 0 as a binary value and actually
has a value of 0.

False Positives

It is the definition that shows the class that is predicted to be 1 but has an actual value of

0. It is also expressed as 'type 1 error' in statistical terms.

False Negatives

It is the definition that shows the class that is predicted to be 0 but has an actual value of

1. Itis also expressed as 'type 2 error' in statistical terms.

Calculation of the formula according to the confusion matrix and above definitions shown

above is as follows;

Figure 5.2. Accuracy formula

TP+ TN

I'P4+ FP4+ TN+ FN

5.2. REGRESSION ALGORITHMS

Dataset was controlled according to the R-Square value by linear regression technique.
R-Square analytically shows the closeness of fitted to the regression line. This value was
calculated as percent 45.7. When we look at it as a threshold, it is an unacceptable value.
However, this is a normal result because the dataset used in the study is not suitable for

linear regression.
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5.3 CLASSIFICATION ALGORTIHMS

As classification methods, 6 different models were studied. Accuracy rates for these
models were calculated and compared with each other. While these models were
established, day7 retention figures were used. The day7 churn rate used in our study is
78.3%. Since the churn rate on the seventh day is not very high, the accuracy rate gives
meaningful results.

When we compared the results of the models, the SVM model remained inferior to the
others. In the other 4 models, accuracy rates vary between 84.1% and 88.7%.

Random forest model gave 88.7% accuracy, decision tree gave 88.6%, k-nearest neighbor
gave 87.6%, logistic regression gave 88.1%, support vector machine gave 77.7% and

Gaussian Naive Bayes gave 84.1%. If we look at them as variables,

count_active_days, banner_revenue and last_completed level come as the 3 most

important variables. count_active_days came asthe most important variable in all models.

Figure 5.3: Model Results

Used Algorithm Accuracy (%)
Logistic Regression 88,1
Decision Tree 88,6
Random Forest 88,7
Support Vector Machine (SVM) 77,7
K-Nearest Neighbor (KNN) 87,6
Gaussian Naive Bayes 84,1

The model with the highest accuracy was the random forest algorithm. The graph showing
the importance level of the variables taken from this model is shared below. The fourth
important variable for this model is ever_next_day_play. However, this variable remained
below threshold values indicating its degree of significance. Also, there is moderate

correlation between count_active_days and ever_next_day_play.
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Figure 5.4. Important feature from randomforest model
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For the table mentioned in the Confusion Matrix section, the confusion matrix obtained
from the random forest model is as follows;

Figure 5.5: Confusion matrix from randomforest model

In [23]: print(confusion_matrix(y_test,y_pred))
[[1292 81]

[ 113 251]]
5.4 DNN

Deep neural network with deep machine learning on dataset has also been implemented.
Accuracy ratio was calculated as percent 78.7. Although it is a relatively acceptable level,
it fell below the classification algorithms. This model also confirmed the important

variables that are coming in the classification algorithms.

55 COMPRASION of SIMILAR WORKS

According to the literature review made in this study, the results and sectors of the study

using similar machine learning algorithms used in the study are given in the table below.
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Table 5.1: The AUC values of similar Works

Sector Logistic Regression |Decision Tree |Support Vector Machine |Randomforest |Naive Bayes |KNN
Casual Game 81,4 73,2 76,2

Casual Game 92,4 85 90,3

Casual Game 78,6 78,7

Casual Game 71,1 72,2

Casual Game 82,4 82,2

Casual Game 66 59 61 75

Casual Game 84

Casual Game 90,4 93,7

Online Game 71,1 73,9 76,1

Online Game 94,8 98

Online Game 68,2 59,5 71,7 73,1

Online Game 93,6

Online Game 73,1

Online Game 79 67 80 73

Telecom 76,7

Telecom 82,9 79,7 81,3

Telecom 85,6 94 94,9 86,5 90,4
Banking 78,3 79,6 83,6 87,6
Banking 58,9 59,7 55,5

Only modeling studies including algorithms used in this study are shown in the table.
Studies carried out in addition to these algorithms are also examined in detail in the
literature review section. As can be seen from the table, the most frequently used among
the 7 models are logisctic regression, decision tree, support vector machine and
randomforest algorithms. Naive Bayes and KNN algorithms are included in this study,
although similar studies are not frequently preferred. Especially in the literature, studies
using the KNN algorithm belonging to the game industry were not found. However, it
can be seen in the studies in the literature that it gives good results in churn studies for

telecom and banks. For this reason, KNN was also included in the churn models made for
the hyper-casual game used in this study and good results were obtained.

In addition to linear regression, all 6 machine learning algorithms shown in the table in
this thesis were used and their results were evaluated. Only 3 models in this study gave
AUC values above 88. These are 88.7 for the random forest, 88.6 for the decision tree,
and 88.1 for the logistic regression, respectively. The KNN algorithm gave a value of
87.6 AUC as the 4th best model. While Naive Bayes gave 84.1 AUC, the lowest AUC
value was 77.7 by the Support Vector Machine algorithm.
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Although the KNN algorithm was used in only 2 similar studies, the AUC values were
quite high, which was the reason why it was tested in this study. Although the KNN AUC
value in this study was not the best result, it came out at a satisfactory level with 84.6.
Therefore, its use in similar studies may be beneficial in terms of model diversity. As can
be seen from the table above, the random forest model has been the algorithm that gives
the best AUC value in many studies. It has given the best AUC value in many studies in
churn models made in both gaming and other sectors. Although it is slightly better than
the decision tree algorithm for the hyper-casual game used in this study, random forest
was the best model. The conclusion we can draw from this is that the algorithm that gives
the best AUC value for casual games, online games, telecom and banking sectors in the
literature also gave the best result for a game in the hyper-casual category.

When we examine it as the game industry, Naive Bayes and KNN algorithms have not
been a preferred method in churn model studies for both casual games and online games.
When we look atthe studies in the literature, these two models are preferred in the telecom
and banking sectors. However, as can be seen in this study, good AUC values were
obtained for a game in the hyper-casual category. In particular, the KNN algorithm
contributed to the model studies by giving a value of approximately 88 AUC. Moreover,
while the Support vector machine gave AUC values of around 90 in some studies, it gave
the lowest AUC value of 77.7 in this study.

When we look at the literature, in addition to the model results in online games, many
variables have been examined. In particular, factors such ascompetition and event setting
seem to be important factors in increasing user loyalty in online games. It is possible to
see the level and game dynamics of casual games as in the hyper-casual review, which
we examined in this context. In this study, detailed information about this is included in

the recommendations section.
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6. RECOMMENDATIONS

In the first parts of the study, it was mentioned that hyper-casual games have a short life
and high churn rates. For this reason, the definition of churn, which is usually chosen for
14 days in casual games, was chosen as 7 in this study. Because at the end of the 7th day,
a large part of the user was churning and a large part of the revenue to be obtained was
earned. Analytical models were applied according to the churn definition. In the study,
linear regression had very low accuracy, while other algorithms gave good results, while
SVM and DNN remained below 80%, while other algorithms gave higher results.

Retention and revenue distributions specific to variables were laid out in the descriptive
analysis sections of the study. Important variables coming from the model result also
support these inferences. Therefore, it is possible to evaluate the results in three different
ways. First of all, getting the users who started the game back to the game somehow gives
a very positive effect. An option may be to send notifications to users with reminders
about the game. In addition, opportunities to return the user to the game or extra lives can
be good options. Apart from that, it would be good to review the levels again. Because
some levels remarkably caused users to quit the game. Inferring that these levels are
difficult and redesigning will enable users to continue the game. It may be useful to take
a special look at the levels mentioned in the descriptive analysis section. In addition to
these, we see that the users who stay in the game generate income through the banner ad.
This is actually a part that affects income, slightly different from the first 2 variables.
Since users who continue the game are clicks on banner impression, paying attention to
these will be a factor that increases revenue. The point that draws attention here is about
rewarded advertisements. Before the study, we could expect rewarded impressions to be
more important. But the revenue from here is very low. This may be because the
rewarding ads are not being properly delivered. Because we can expect users to be more
inclined to rewarded ads. For this reason, it will be better for users to review rewarding

ads and test them in different ways.
With the studies to be done in this way, it is possible to reduce both churn and increase

the income. Since the gains of hyper-casual games are in the first days, it is very important

for new users to join the game. One of the parts of user acquisition in the gaming industry
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is the concept of virality. The more we can keep the players in the game in, the more

chance we have to see the positive effect of virality.
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7. FUTURE WORK and LIMITAIONS

The biggest restriction was related to the data set provided. If the dataset of different
periods could be obtained, the comparison of the periods could also be made. In addition,
it would be good to add some variables to make the modeling and analysis in more detail.
For example, the expenditures made for the game, or the time spent in the game when
active, would be effective in order to make detailed inferences. According to the studies
in the literature, these variables may be important for the churn concept. It canbe provided
to support working with extra features in future studies.
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8. CONCLUSION

In today's world, which is formed by the proliferation of digitalized and smart devices, a
new type of mobile games, the hyper-casual category, has emerged. This is a genre that
is similar to casual games but has its own dynamics in terms of game dynamics. Its main
characteristics are high churn rates and short life span. The rapid churn of the users
increases the importance of the studies on this subject. In this study, the churn and
retention rates of a hyper-casual game that can be considered successful according to the
retention rates were examined. Before starting the analysis and modeling, a literature
review was made on this subject. In the literature, similar studies in the gaming industry
and similar studies in other sectors have been examined. As aresult of this review, models
applied in other studies were also implemented in this study. Later, a churn definition was
made in accordance with the dataset in this study. While doing this, both retention rates
and income distribution were taken into consideration. After deciding on the definition of
churn, the reasons causing churn have been examined with various analytical models.
Models developed in this context were compared and important variables were
determined. While the applied models provide results that support each other, accuracy
rates are calculated high. It has been observed that the determined variables and level
design and difficulty levels are important, the user needs to be triggered quickly after
starting the game, and the advertisements shown affect the user's continuing the game.
For this reason, strategies should be reviewed according to the results obtained, and this
should be done in dynamic and frequent periods. Because it is seen again with the dataset
used in this study that the life of the users who come to hyper- casual games is very short.
While there is a large proportion of user retention rateson the seventh day, by the thirtieth
day there is almost no user left. In studies, these should be taken into consideration and
churn and retention rates should be done regularly in frequent periods. Because the life
span is short, it is possible that users coming in different periods will have different
tendencies. The models applied in this study and the variables examined were investigated
in the literature and similar studies were examined. This study has been conducted for the
hyper-casual genre based on churn and retention studies in both casual games and online
games. The lack of a similar study in this field is the most important contribution of this

study to literature.
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