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Abstract. Customer retention is a crucial problem for game companies
since the revenue is heavily influenced by the size of their user bases.
Previous studies have reached a consensus that the cost of attracting a
new player can be six times than retaining the players, which indicates an
accurate churn prediction model is essential and critical for the strategy
making of customer retention. Existing works more focus on studying
login information(e.g. login activity traits of users) ignoring the rich in-
game behaviors(e.g. upgrading, trading supplies) which could implicitly
reflect user’s preference from their inter-dependencies. In this paper, we
propose a novel end-to-end neural network, named ChurnPred, for churn
prediction problem. In particular, we not only consider the login behav-
iors but also in-game behaviors to model user behavior patterns more
comprehensively. For time series of login activities, we leverage a LSTM-
based structure to learn intrinsic temporal dependencies so as to capture
the evolution of activity sequences. For in-game behaviors, we develop a
time-aware filtering component to better distinguish the behavior pat-
terns occurring in a specific period and a multi-view mechanism to auto-
matically extract the multiple combinations of these behaviors from var-
ious perspectives. Comprehensive experiments conducted on real-world
data demonstrate the effectiveness of the proposed model compared with
state-of-the-art methods.

Keywords: Churn prediction · Online games · neural network · in-game
behaviors · login activities.

1 Introduction

The huge revenue generated by online games including massively multiplayer
online role-playing games (MMORPGs) has attracted many game companies,
which results in increasingly intense competition in the game market. Customer
retention is becoming a major concern, since: 1) the cost of attracting a new
player can be six times than retaining the players [23]; 2) long-term players
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usually generate higher profits than the new ones. As an important part of the
user retention, it is crucial to know early on whether players will choose to stay
or leave the game in the early stage, which is also called as churn prediction
problem.

An accurate churn prediction model is essential and critical for the strategy
making of the customer retention. Once the churners are identified by the pre-
diction model, game managers can take some measures to prevent those from
leaving the game such as providing some reward tasks to stimulate the user’s
interest or pushing notifications with fresh play strategies that the user interests.
Moreover, the prediction results of the churn prediction model can provide the
game platform with a reference to understand the overall preferences of the game
players and accordingly make appropriate strategies. An increasing number of
churners may become a strong signal for game operators to adjust game strategy
in advance.

Previous research for the churn prediction problem in online games (e.g.
MMORPGs) focuse on mining salient features to indicate whether a user is
about to leave the game. They prefer to exploit handcraft features after a com-
prehensive analysis on multiple characteristics and complete the churn predic-
tion task by using traditional machine-learning-based methods [3,4,7,8,10]. The
limitations of previous investigations are mainly two-fold: 1) Heavily depending
on domain-specific knowledge and artificial features, which is not widespread
to different application scenarios. For example, some features are not universal
or difficult to collect for online games such as ”click count” and ”rests used”
in [10], ”sum of inter-session length per week” in [3], ”social activity” and ”item
upgrade” in [8], ”rate of group interactions” in [2]. 2) Mainly utilizing features
derived from the statistics of login information, while ignoring users’ behavior
information in the game. These information is important for the churn predic-
tion since it could further indicate the users’ preference for the game. Players
put many efforts into perfecting their roles, such as constantly performing tasks
to upgrade or trading supplies to enhance their equipment, which demonstrates
a kind of preference for their characters of the game. Tao et al. have proven the
importance of users’ in-game behavioral information in bot detection [16].

There exist several challenges of churn prediction in online games. As men-
tioned above, users’ behaviors in online games are mainly classified in two as-
pects: login information (e.g. session statistic, login frequency) and in-game be-
havioral information (e.g. a series of in-game behaviors such as upgrading, trad-
ing supplies). First, these data are in different types since the former is often
expressed as real-value vectors, while each element of the latter data is a discrete
value representing a specific action. It is challenging to model these data together
to capture user-game interactions and inherent behavior patterns. Second, since
each player has her/his own lifetime, short- and long-term modeling is required
for capturing the evolution of users’ preferences and temporal patterns better.
Third, users’ behaviors are closely related to their daily life (details will be given
in Section 3). For example, the length of users’ engagement with the games on
weekdays is different from that on weekends, or some events such as trading
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specific items or fighting battles can only take place on some special days (e.g.,
festivals). Therefore, it is essential to additionally consider the influence of these
information when modeling.

To alleviate the above mentioned challenges, in this paper, we propose a novel
end-to-end neural network approach, named ChurnPred, for churn prediction in
online games. We consider login information and in-game information together
to model user behaviors more comprehensively, from which potential behavior
patterns are automatically learned without manually extracting features. Con-
sidering the impact of lifetime of users on login behaviors, we leverage LSTM
models to learn the short- and long-term users’ preferences. As we find in Section
3 that some behaviors are closely related to the day of occurrence, we propose a
time-aware filtering component to better distinguish these characteristic behav-
iors based on the period of events. Besides, we propose a multi-view mechanism
to automatically extract the multiple combinations of in-game behaviors from
various perspectives which would lead to the departure of users.

To summarize, main contributions of this paper are listed as follows:

– We develop a novel end-to-end neural network approach, named ChurnPred,
via considering login behaviors and in-game behaviors for churn prediction
in online games. Additionally, we propose time-aware filtering mechanism to
better distinguish the behavior patterns occurring in that period and a multi-
view mechanism to extract the multiple combinations of in-game behaviors
from various perspectives which would imply the departure of users.

– We conduct comprehensive experiments on a real-world dataset of three
different periods to verify the effectiveness of the proposed model. Exper-
imental results shows the superiority of our model for churn prediction in
online games.

2 Related Work

Customer churn behaviors have been consistently analyzed across a wide range
of industries, since most companies are convinced the number and stickiness of
users play an importance role on their competitiveness and vitality in the market.
Most of these works [10,14,23] focus more on extracting outstanding features and
exploring the classification performance among the traditional classifiers such as
logistic regression [11], random forests [21]. They model churn prediction as a
binary classification problem and tend to summarize the difference of the samples
by using statistical techniques for better identification. These studies depend
much on domain-specific knowledge and artificial features, which is not universal
to different application scenarios. Recently, some studies have suggested more
advanced models on the churn prediction. Some works [13, 18] propose survival
analysis model by modeling the playtime of players. Since deep learning has
achieve great success in various domain such as detection [19] and recommender
[5,20], some researches [1,9,17] focus on leveraging the deep neural network for
churn prediction problems, which motivates us to employ deep neural network
models.
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Only a few papers are directly related to the online games including MMO-
PRGs. Borbora et al. design a lifecycle-based approach for modeling churn be-
havior and propose three dimensions to construct derived features for a distance-
based schema wClusterDist for better classification [3]. However, the lifecycle-
based approach ignores the time of users’ registration and time consumption on
the game. Those loyal customers who have been playing for a long time tend
to be less active in observation and thus may be easily mistaken as churners.
Runge et al. focus on predicting churn for high-value players of casual social
games since they find that the top 7% of paying players contribute around 50%
of the total revenue and acquire a series of features for classification [14]. Castro
et al. propose a frequency analysis approach for feature representation from login
records. The approach converts the login records into a fixed-length arrays as the
inputs and use probabilistic classifiers with the k-nearest neighbors algorithm for
classification [4]. The above investigations mainly focus on login information(i.e.
login frequency), but do not consider users’ in-game behavioral information of
online games (e.g.MMORPGs). In-game behaviors are crucial for user behavioral
modeling, since it contains rich information about the user including the players’
specific events in the game and the chronological order of these events. These
data will contribute a lot to fully reflect or accurately capture the tendency of
players to leave the game.

3 Dataset Description

In this section, we give some detailed information of the real-world dataset from
a MMOPRG released by the NetEase Games4. This dataset is collected from a
server including user logs from 22 June, 2018 to 20 September, 2018 and over
880,000 users with hundreds of millions of behavioral sequences. In this dataset,
485 regular events are defined based on the game content and user logs has been
automatically established for each player to record the events as well as the times
when the player trigger them.

In this dataset, we define two classes of users: churners and non-churners.
Usually, churners represent the users who leave the game permanently. To be
less ambiguous, we define churners as those who are consistently inactive for
over 7 days [12, 23]. Let leave day denote the day that user leave the game. To
compare two types of users at the same stage, we mainly focus on the users who
have left the game during a specific period and those who haven’t. We define the
period as a churn window which is denoted as [observed day1, observed day2].
The users whose leave day fall in this window will be considered as ”churners”,
and those whose leave day are after the observed day2 are defined as ”non-
churners”. In the following section, we adopt this setting for both ”churners”
and ”non-churners”.

4 NetEase Games is the one of China’s largest MMORPG developer companies, which
has published dozens of popular games including Ghost II, Tianxia 3 and Fantasy
Westward Journey Online.
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Fig. 1: The distribution of the lifetime of users in a real-world dataset.
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Fig. 2: The login rate of churners
and non-churners
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Fig. 3: The average number of daily
events of churners and non-churners

In order to find out how long the user has been playing the game before they
leave, we examine the distribution of the lifetime of all users in this dataset shown
in Fig 1. We observe that the number of churners fluctuates periodically. This
indicates that users will leave the game with relatively high probability after
they have played for a certain number of days (15/16/32/33). The predictive
model needs to capture this characteristic by considering users’ lifetime when
predicting the probability of the user departure.

To better understand what motivates users continue to play the game, we
examine the difference of login information and in-game behavioral information
between churners and non-churners. We observe several striking features.

Fig 2 shows the percentage of login days to the whole lifetime between churn-
ers and non-churners. We can see that the non-churners are concentrated in the
range of 0.2 to 0.5 while churners have high distribution at both ends. Some
churners have a low login rate due to various reasons such as lack of interest
in the game. But interestingly, the figure also reveals that users with high login
rates have a higher probability of leaving. This phenomenon that users log into
the game frequently before they leave is helpful for game operators to take some
churn preventive measures, such as pushing notification. In Fig 3, the average
daily events of churners is relatively small and the distribution of non-churners
performs stable. Intuitively, the number of events reflects the duration of play-
ing. Churners always have a fewer events per days because they have fewer times
to stay engaging with the game due to low motivation while non-churners are
more willing to spend their time to play the game and thus have more events.

We then investigate the in-game behaviors of users. The frequency of each
events for churners and non-churners is plotted in the Fig 4. We can see that
there are some differences on the event frequency between these two types of
users. Some events occur more often in certain types of users or with a relatively
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Fig. 4: The occurrence frequency of each event of churners and non-churners
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Fig. 5: The behavioral sequences of churners and non-churners. Each color block
represents the user’s behavior in the game.

high frequency. For example, e150 has a higher frequency for non-churners and
e310 occurs commonly in non-churners but rarely in churners. For the sequence
of events, we randomly sample 5 churners and 5 non-churners in churn windows,
and extract the sequences of their last 200 events prior to the leave day and the
oberseved day1, respectively. The result is shown in Fig 5. During this period, the
behaviors of non-churners are usually diverse and each is of short duration while
the behavior of churners is monotonous and each last for a long time. It can
be clearly seen that there are significant differences in the behaviors between
churners and non-churners, which further indicates that short-term behaviors
reflect whether the user stays in the game or not. Some studies focus on long-
term behavior modeling, which not only faces lengthy behavior information, but
also increases the complexity of the model and training time.

4 Model Architecture

In this section, we present the details of the proposed model. The architecture is
illustrated in Fig 6. The model can be divided into three main components: 1)
an in-game behavior encoder that models the in-game behavioral information of
each user as a context embedding vector. 2) a login behavior encoder that models
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Fig. 6: The architecture of ChurnPred.

the login information of each user in online game as a context embedding vector.
3) the fusion and prediction layer that aggregates above two kinds of embedding
vectors and outputs the final possibility of whether the user leaves the game.

4.1 In-game Behavior Encoder

Inputs. In terms of in-game information, we collect the daily events e
(d)
ut ∈

E for user u and arrange them in chronological order which denoted as in-

game behavioral sequences S
(d)
u = {e(d)u1 , ..., e

(d)
ut , ..., e

(d)
uB} where E is the set of

events, d represents the day of events, B denotes the length of S
(d)
u . As we

discussed above, users’ total historical behaviors are lengthy and massive which
may greatly increase the complexity of the model and training time. In this
paper, we use the data of T1 days before the day observed day1 as our input

which is denoted as Su = {S(1)
u , S

(2)
u , .., S

(T1)
u }.

Embedding Layer. Given S
(d)
u = {e(d)u1 , ..., e

(d)
ut , ..., e

(d)
uB}, events are embed-

ded into content vectors in a latent space through an embedding layer. In the

discretization process, each event identity e
(d)
ut ∈ E are encoded into an one-hot

vector o
(d)
ut with |E|-dimension. As the inputs are high-dimensional binary vec-

tors, we use the embedding layer to transform them into dense representations.

The event embedding vector x
(d)
ut can be obtained as follows:

x
(d)
ut = WT

e o
(d)
ut , t ∈ {1, 2, ..., B} (1)

where We ∈ R|E|×L denotes the latent factor matrix (embedding matrix) and L
is the predefined value used to set the dimension of latent vectors.

Time-aware Filtering Mechanism. In the analysis above, we find that
user’s behavior is closely related to the day it occurs. Hence, we propose a
time-aware gating mechanism to capture these characteristic behaviors based
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on the time period. Dauphin et al. in [6] propose the gated linear unit (GLU)
where they use this gating mechanism for language modeling to allow the model
selects related words or features for the next word. Inspired by their work, we
make some changes based on this structure where we additionally consider the
effect of period on the inputs. We introduce a time matrix W (d) for each day in
order to select what features will be propagated to the downstream layers. The
formula is shown as follows:

D(d)
u = X(d)

u � σ(X(d)
u ∗W (d) + b(d)), d ∈ {1, 2, ..., T1} (2)

whereX
(d)
u = {x(1)ut , x

(2)
ut , .., x

(B)
ut } ∈ RB×L, σ is a sigmoid function,� is Hadamard

(element-wise) product and W (d), b(d) are parameters to be learned.
Multi-view Mechanism. With the success of convolution filters of Convo-

lutional Neural Networks (CNN) in capturing local features for image recogni-

tion, we adopt CNN units for multi-view generation where we regard V
(d)
u as an

”image” of behavioral information and the sequential patterns as local features
of this ”image”. Convolutional filters represented as kh × kw matrices, which
they slide over the ”images” and then summary the multiple combinations of
behaviors in various views. We use B filters to encode the in-game behaviors of

each day respectively. Each filters F (d) ∈ Rkh×kw slide over D
(d)
u as follows:

vlk(d)u = D
(d)
u,{l:l+kh−1,k:k+kw−1} ⊕ F

(d) (3)

V (d)
u = {vlk(d)u |1 ≤ l ≤ B − kh+ 1, 1 ≤ k ≤ L− kw + 1} (4)

where ⊕ is the sum of element-wise product, Du,{l:l+kh−1,k:k+kw−1} denotes the

convolutional area of D
(d)
u with rows from l to (l+ th− 1) and the columns from

k to (k + tw − 1).
Note that the obtained views from the above formulas do not contribute

equally to the final results. We introduce an attention mechanism [24] to address
this problem. Traditional attention mechanism is used to learn the attentive
weights for multiple vectors. In this paper, we modify the formulas in order to
learn the weights from multiple matrices (i.e. views). The representation of final
view Vu is formed by a weighted sum of these generated views which is calculated
as follows:

H(d)
u = tanh(V (d)

u ) (5)

α(d)
u =

exp(H
(d)
u ⊕Wa)∑T1

i=1 exp(H
(i)
u ⊕Wa)

(6)

Vu =

T1∑
i=1

α(d)V (d)
u , (7)

where V
(d)
u , H

(d)
u ,Wa, Vu ∈ R(B−kh+1)×(L−kw+1), α

(d)
u is the attentive weight of

the view V
(d)
u and Wa, ba are training parameters. To make the final view into a
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latent vector, We use max-pooling to summarize the characteristics of the final
view. The formula is as follows:

cinu = max− pooling(Vu) (8)

where c1u ∈ RB−kh+1 is the context representation for in-game behavioral infor-
mation.

4.2 Login Behavior Encoder

Inputs. login behaviors in online games can be expressed as login frequency, play
time etc. In this paper, we use daily play time for each user to describe the login
information. We define a time window with the size of T1 days and consider T2
consecutive time windows before the observed day1. The input can be expressed
as a sequence Mu = {m1,m2, ..,mT2} where mt is a |T1|-dimensional vector
representing the duration of each day in the t−th windows.

Recurrent Neural Network (RNN) Layer. We apply a multi-layer LSTM
(Long Short-Term Memory) for long- and short-term modeling since it takes var-
ious periods of daily data as time series and has strong ability in learning intrinsic
temporal dependencies so as to capture the variation of activity sequences. Each
layer of LSTM computes as follows:

it = σ(Wi ∗ ht−1 +Wi ∗mt + bi) (9)

ft = σ(Wf ∗ ht−1 +Wi ∗mt + bf ) (10)

c̃t = tanh(Wc ∗ ht−1Wi ∗mt + bc) (11)

ct = ft � ct−1 + it � c̃t (12)

gt = σ(Wg ∗ ht−1 +Wg ∗mt + bg) (13)

ht = gt � tanh(ct) (14)

where it, ft, gt and ct are an input gate, a forget gate, an output gate and memory
state at time t, respectively. ht represents the hidden state vector and we set
h0 = 0 by default. Wi,Wf ,Wc,Wg, bi, bf , bc, bg are training parameters. The
output of the last LSTM will be considered as the context representation of
login information c2u = hT2

.

4.3 Fusion and Prediction Layer

After obtaining two kinds of context embedding vectors, i.e. cinu and coutu , we
concatenate these vectors into a unified vector cu which will be considered as
high-level representation of behavioral features. We feed it into a fully connected
feed forward neural network and output the final probability for churn prediction.
The unified embedding via fusion can be denoted as:

cu = [c1u, c
2
u] (15)

yu = σ(Wp ∗ cu + bp)) (16)

where [.] is a concatenate operation, Wp, bp are parameters in this layer.
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Fig. 7: Label Generation Process. We use different churn windows in the training
and testing phase where the churn window of the testing set is behind the training
set.

4.4 Loss Function and Optimization

At last, we adopt cross-entropy as our loss function for model optimization. To
prevent over-fitting, we adopt l2 regularization on the parameters in our loss
function. The objective function is defined as follows:

L = −
∑

[yi log ŷi + (1− yi) log(1− ŷi)] + λ‖Θ‖2 (17)

where ŷi is the probability of becoming churners for user ui and yi is the cor-
responding truth score. If user u is a churner, then we have yi = 1; otherwise,
yi = 0. Θ represents all of model parameters that will be learned in the training
phase and λ is the regularization weight. We use Adam optimizer to learn the
model.

5 Experiment

In this section, we aim to answer the following research questions:

– RQ1: How does ChurnPred perform as compared with widely used methods
and the state-of-the-art ones in churn prediction?

– RQ2: What are the effects of the in-game behavior encoder and login be-
havior encoder in our proposed method?

– RQ3: How do different hyper-parameter settings (e.g. dimension of embed-
ding vectors) affect the performance of ChurnPred?

5.1 Dataset and Experimental Setup

We conduct the experiments on a real-world dataset described in Sec. 3. In par-
ticular, we extract the daily events of the users in the game and arrange them
in chronological order serve as the features of in-game behavioral information
(i.e. behavior sequences). The length of each daily behavior sequence will be
considered as the features of login information (i.e. the daily play time) prepro-
cessed by normalization. When constructing the training and testing samples,
inspired by the paper [9], we adopt a similar splitting process to eliminate the
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Table 1: Detailed statistics of the three periodic dataset. We use three subset of
the raw dataset with different churn windows for testing.

Dataset Phase Churn Window Churners Non-churners Total Users

MMORPG 1
Train 2018-07-20∼2018-07-26 40907 81814 122721

Test 2018-07-27∼2018-08-02 103395 206790 310185

MMORPG 2
Train 2018-07-27∼2018-08-02 103395 206790 310185

Test 2018-08-03∼2018-08-09 28157 56314 84471

MMORPG 3
Train 2018-08-03∼2018-08-09 28157 56314 84471

Test 2018-08-10∼2018-08-16 50550 101100 151650

problem of data leakage. Besides, a down-sampling approach is applied to avoid
a skewed distribution [3,10], i.e. the ratio of churners to non-churners is 1:2. In
order to better evaluate the performance of our model, we divide the dataset into
three subsets where the churn windows in the testing phase are three consecutive
weeks. The description of these datasets are illustrated in Table 1.

5.2 Evaluation Metrics and Baselines

Three widely used evaluation metrics, i.e. Precision, F1-Score and Accuracy,
are adopted as metrics and performance is recorded when achieves the best F1-
Score. Each experiment is run 5 times to take the best F1-Score as the final
performance. To verify the effectiveness of the proposed ChurnPred model, we
compare it with the following baselines:

– Logistic Regression (LR) [10, 14]: This is a popular linear classification
algorithm with login information. It analyzes the relationship between one
or more existing independent variables.

– Random Forest (RF) [10]: This is a traditional classifier based on ensemble
learning containing a multitude of decision trees and make the decisions
together for classification. The inputs are as same as LR.

– Multi-layer Perceptron (MLP) [14]: Multi-layer perceptron is an artifi-
cial neural network which maps a set of input vectors into a low-dimensional
space. We implement MLP with 2 fully-connected layers with the inputs of
login information.

– wClusterDist [3]: wClusterDist is a distance-based classification schema
conducted on login information as well as the derived features in three se-
mantic dimensions of engagement, enthusiasm and persistence.

– LSTM+Attention (ATT-LSTM) [15]: This is an attention-based LSTM
model for classifying early churn users whose input is the user behavior event
sequence binned at constant intervals. The inputs are sequences of user in-
game behaviors after registration.

– PLSTM+ [22]: This is a two-step framework involving interpretable clus-
tering and churn prediction. The prediction model is based on LSTM by
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Table 2: The overall performance on MMOPRG 1, MMORPG 2 and MMO-
PRG 3.

Method
MMORPG 1 MMORPG 2 MMORPG 3

Precision F1-Score Accuracy Precision F1-Score Accuracy Precision F1-Score Accuracy

wClusterDist 0.3395 0.5068 0.3515 0.3458 0.5139 0.3696 0.3424 0.5101 0.3599

ATT-LSTM 0.3334 0.4999 0.3340 0.3333 0.4997 0.3338 0.3334 0.5000 0.3339

PLSTM+ 0.3959 0.3503 0.6116 0.4275 0.4651 0.6090 0.3225 0.1450 0.6324

RF 0.6024 0.2456 0.6841 0.4306 0.5098 0.5995 0.4270 0.3515 0.6326

LR 0.5027 0.5589 0.6690 0.4072 0.5426 0.5432 0.4109 0.3803 0.6155

MLP 0.5923 0.6140 0.7329 0.3826 0.5142 0.5062 0.4032 0.5363 0.5386

ChurnPred 0.6043 0.7022 0.7631 0.4577 0.5459 0.6250 0.4807 0.5720 0.6478

leveraging the correlations among users’ multidimensional activities and the
underlying user type is derived from the interpretable clustering. Similar to
its original inputs, we take the daily occurrences of the 10 most frequent
in-game behaviors as inputs for prediction.

5.3 Parameter Settings.

Neural network-based models are all implemented in Pytorch5 including Churn-
Pred, ATT-LSTM, PLSTM+ and MLP. These models are optimized with the
Adam optimizer, and the batch size is set as 512 by default. In terms of hyper-
parameters, we apply a grid search for hyperparameters on neural networks: the
learning rate is tuned among {0.0001, 0.001, 0.01}, the size of hidden layer and
the embedding matrix is in {8, 16, 32, 64} and the threshold is in {0.1, 0.2, 0.3,
0.4, 0.5, 0.6, 0.7, 0.8, 0.9}. For ChurnPred, the convolution is done by convolu-
tion kernels with the width of 3 and the height equals to the size of embedding
matrix. For PLSTM+, we set the λ in the loss function as 1 and use 2 hidden
layers in each LSTM. For wClusterDist, we set the number of clusters as 5. For
ATT-LSTM, we use 2-layer LSTMs and set the dropout as 0.5.

5.4 Performance Comparison (RQ1)

Table 2 shows the performance comparison of the proposed model and the state-
of-the-art ones. Key observations from the experimental results are listed as
follows:

– Among the conventional methods LR, RF and MLP, RF has the best average
Precision while MLP has the best average F1-score on three datasets, which
shows that RF is relatively correct on predicted churners but fails to find out
more true samples since RF mistakes the churners as non-churners in most
cases. MLP have a higher F1-score among these methods. The possible reason

5 https://pytorch.org/
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is that the model predicts non-churners as churners as much as possible,
which recalls more and more true samples and thus increases the F1-score
with the decline in precision.

– In the comparison models, both of PLSTM+ and ATT-LSTM use the in-
game behavioral information of users as inputs but show different perfor-
mance. PLSTM+ performs poorly, showing that the frequency of users’ be-
havioral events is unable to fully describe the recent behavioral informa-
tion of users. Instead, ATT-LSTM uses behavioral sequences as inputs and
achieves better performance which implies the potential behavior patterns in
the user’s behavior sequences have ability of indicating whether users leave
the game.

– RF, LR, MLP and wClusterDist all use login information as inputs. In
these models, MLP performs the best on average F1-score metrics followed
by wClusterDist. The result shows that MLP can capture these dynamic
changes in login sequences while RF and LR lack the ability to encode this
information. wClusterDist benefits from the derived features in three seman-
tic dimensions of engagement, enthusiasm and persistence which describes
changes in the users’ login status, resulting in better performance.

– ChurnPred generally outperforms all baselines. This is largely due to consid-
erations on login information and in-game behavioral information in online
games. For in-game behaviors, it leverages the multi-view mechanism to
learn the potential behavioral patterns. For login information, it is sensitive
to the changes on daily play time which indicates the model capture the
dynamic characteristics in login information. By integrating the two kinds
of information, the model has been greatly improved.

5.5 Component Analysis (RQ2)

In order to evaluate the performance between login behavior encoder and in-game
behavior encoder in our proposed method, we design three different models:
ChurnPred-α retains login behavior encoder, ChurnPred-β uses only in-game
behavior encoder and ChurnPred adopts the above two kinds of components.
These three models are conducted on MMORPG 1 dataset and keep the same
model parameters when training. The results are shown in Fig 8. We can see
that ChurnPred achieves the best performance, ChurnPred-β is the second and
ChurnPred-α is the third. It shows that in-game behavioral sequences implies
the potential behavior pattern, which contains more information about the user’s
intention of leaving when compared with login information in online games.
Further, the results demonstrate the effectiveness of our proposed ChurnPred
in encoding the intrinsic sequential patterns and login patterns, both of which
contributes a lot in the decision-making process.

5.6 Parameter Sensitivity (RQ3)

To investigate the robustness of the ChurnPred model, we study how the dif-
ferent choices of parameters affect the performance. Except for the parameter
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Fig. 9: Effect of the hyper-parameters.

being tested, we set other parameters to default values. The experiments are
conducted on MMORPG 1 dataset.

Effect of Embedding Size. Figure 9(a) shows the performance in different
dimension size of embedding matrix. We can observe that model performance
generally declines with the increase of dimensions, which shows that the pro-
posed model is sensitive to the dimension of the embedding matrix. choosing
a reasonable dimension length gives the model superior performance and vice
versa.

Effect of Hidden State Dimension. We keep the same hyper-parameters
and vary the dimension of hidden state hidden dim in LSTM component in the
range of {8, 16, 32, 64, 128} to investigate whether ChurnPred can benefit from
the dimension size. The experimental results are illustrated in Figure 9(b). As we
can see, the model have the best performance when hidden dim=2 and perform
poorly in most cases, which means that the dimension size of the hidden state
needs to be selected appropriately and otherwise it will get worse.

Effect of Layer Numbers. Figure 9(c) shows the performance in various
number of hidden layers n layer in LSTM component. The best performance
is obtained when n layer=2. After that, as the number of layers increases, the
performance begin to descend slowly and become stable. This suggests that two
layers are enough for the model to achieve significant performance and more
layers will not contribute to better performance.

6 Conclusion and Future Work

In this paper, we investigate the problem of churn prediction in online games.
We first explore and analyze user behaviors of a real-world MMORPG including
engagement, days of lifetimes, in-game behaviors etc. According to the analysis
insights, we develop a churn prediction model named ChurnPred by leveraging
in-game behaviors and login behaviors of online games. We propose a time-
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aware filtering mechanism and a multi-view mechanism for behavior modeling.
Comprehensive experiments conducted on a real-world dataset demonstrate the
effectiveness of the proposed model by comparing with state-of-the-art methods.
As future work, we will consider the social influence on the in-game behaviors.
We argue that richer information could help the model make better decisions
on the churn prediction. Further, the scalability problem of the proposed model
will be considered in the future.
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