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Abstract— In this paper, we investigate the problem of churn
prediction in Massively multiplayer online role-playing games
(MMORPGSs) from a social science perspective and develop
models incorporating theories of player motivation. The ability to
predict player churn can be a valuable resource to game
developers designing customer retention strategies. The results
from our theory-driven model significantly outperform a
diffusion-based churn prediction model on the same dataset. We
describe the synthesis between a theory-driven approach and a
data-driven approach to a problem and examine the trade-offs
involved between the two approaches in terms of prediction
accuracy, interpretability and model complexity. We observe that
even though the theory-driven model is not as accurate as the
data-driven one, the theory-driven model itself can be more
interpretable to the domain experts and hence, more preferable
over a complex data-driven model. We perform lift analysis of
the two models and find that if a marketing effort is restricted in
the number of customers it can contact, the theory-driven model
would offer much better return-on-investment by identifying
more customers among that restricted set who have the highest
probability of churn. Finally, we use a clustering technique to
partition the dataset and then build an ensemble on the
partitioned dataset for better performance. Experiment results
show that the ensemble performs notably better than the single
classifier in terms of its recall value, which is a highly desirable
property in the churn prediction problem.

L INTRODUCTION

A massively multiplayer online role-playing game
(MMORPQG) is a popular genre of computer-based game which
is characterized by a persistent virtual world maintained by the
game developer. In an MMORPG, each player controls a game
character and performs different activities in the virtual game
environment. Such activities can include interactions with the
environment such as fighting monsters as well as interactions
with other players such as player vs. player matches, raids and
trading items.

MMORPGS can generate substantial revenue in a variety of
ways — while games such as World of Warcraft (WoW) have a
subscription-based model in which players pay a regular fees,
other games such as Lords of the Ring Online and Dungeons &
Dragons Online are free-to-play. Common revenue models for
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free-to-play games include virtual item sales, subscription tiers
and advertisements displayed within the games [2]. The
estimated worth of the MMORPG market in the US, as of
2009, stands at $6 billion, with little letdown in growth
expected going forward [3]. The huge revenue potential has
attracted several game producers to this market segment and
with increased competition, customer acquisition and retention
is of major concern to game companies.

The focus of this paper is churn prediction in MMORPGs.
In this work, we have used real-world data from Sony Online
Entertainment’s EverQuest II (EQII). It is a fantasy-based
MMORPG where each player creates a character and embarks
on a never-ending quest for advancement and exploration.
Within the game, the character can adventure (complete quests,
explore the world, kill monsters and gain treasures and
experience) and socialize with other players. At the time the
data used here were recorded, EQII was a subscription-based
title, although it has since shifted to the free-to-play model.

We investigate the problem of churn prediction from the
perspective of analyzing player motivation. In our approach,
churners are defined based on not only their subscription
information but also their activity signatures within the game.
Players with greater motivation and involvement are less likely
to leave a game. We, therefore, draw on different player
motivational factors and build prediction models based on
these factors. Three key contributions of this paper are as
follows.

First, we build two classifiers — one of which has a small
number of features drawn from the theories for player
motivation and the other has a larger number of features
extracted from data of player logs. We describe the synthesis
between a traditional theory-driven approach and a data-driven
approach to a problem and examine the trade-offs in terms of
prediction accuracy, interpretability and model complexity.

Second, we generate and compare lift curves for the data-
driven and theory-driven models and find that if we are only
allowed to consider a small portion of test instances the theory
driven-model has better lift. On the other hand, if we are
allowed to consider a larger portion, but not all, of test
instances, the data-driven model performs better.
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Third, we explore how ensemble techniques can improve
on the performance of churn prediction models. It has been
shown that an ensemble, a committee of classifiers aggregated
to provide overall predictions, usually outperforms single
prediction models (i.e. individual classifiers). We utilize a
clustering technique to partition the dataset first and then build
a classifier on each segment. Experimental results show that
the ensemble performs notably better than the single classifier
in terms of its recall value, which is a desirable property in the
churn prediction problem because it means that the classifier is
able to identify a larger percentage of the churners correctly. In
a typical churn prediction problem, failing to identify potential
churners (false negatives) can be much more costly than
wrongly identifying non-churner as a churner (false positives).

1L

Churn is an important problem for any business with repeat
customers as it directly affects revenue. As such it has been
analyzed in a wide range of industries, particularly in the
telecom sector [5-13], but also in other domains such as retail
business [14], banking [15,22], Internet service providers [16],
service industries [17], P2P networks [18], insurance [20],
credit card [21] and MMORPGs [19]. Reference [4] gives an
overview of the current research on churn analysis and
prediction — the main focus being churn in digital social
networks and how it differs from churn in the
telecommunication networks.

A wide-array of techniques has been used for churn
analysis. For example, logistic regression models [11, 20-22],
decision tree models [6, 8, 11, 14], neural networks [8, 11, 12,
14], and support vector machine (SVM) [13-15] are available.
Besides these traditional approaches, alternative techniques
have also been explored for churn analysis and prediction,
such as survival analysis [9] and genetic algorithms [6, 7].
Social Network Analysis (SNA) has emerged as an important
technique for studying complex, real-world networks and
researchers have started using SNA methods as an alternative
or extension to customer churn prediction [4]. The effect of
different behavioral and structural features on the user’s churn
likelihood in an online social network has been analyzed in
[37]. Reference [5] demonstrates a simple diffusion-based
approach that exploits social ties to identify a significant
fraction of churners in a social network and reference [19]
proposes a churn prediction model that uses a modified
diffusion model to propagate the social influence (which has
both a positive and a negative component) of a player in a
social network. With the ability to predict customer churn, it
becomes possible to calculate the lifetime value (LTV) of a
customer. Reference [23] proposes an LTV model considering
the past contribution, potential value and churn probability of
a customer.

BACKGROUND AND RELATED WORK

A.  Social science perspective

Player motivation is one of the most important factors that
can help in analyzing and predicting churn behavior. Bartle's
original motivation taxonomy [24] of early text-based game

158

players has served as the industry standard, but has no
empirical basis. In it, he proposed that there were several
"types" of players, and that these were mutually exclusive. A
more recent and empirically based taxonomy by Yee [25] uses
validated scales to detect player motivations, but does not
preclude multiple "types" from existing within a single player.

TABLE L A MODEL OF PLAYER MOTIVATIONS [25]
Achievement Social Immersion
Advancement Socializing Discovery

Progress, Power,
Accumulation, Status

Casual Chat, Helping
Others, Making

Exploration, Lore,
Finding Hidden

Friends Things
Mechanics Relationship Role-playing
Numbers, Personal, Self- Story Line, Character
Optimization, disclosure, Find and History, Roles,
Templating, analysis Give, Support Fantasy
Competition Teamwork Customization
Challenging Others, Collaboration, Appearances,
Provocation, Groups, Group Accessories, Style,
Domination achievement Color schemes

Escapism
Relax, Escape from
Real Life, Avoid
Real Life problems

Nick Yee used a factor analytic approach to create an
empirical model of player motivations [26]. The analysis
revealed 10 motivation subcomponents that grouped into three
overarching components (achievement, social, and immersion)
with underlying relationships between motivations and
demographic variables (age, gender, and usage patterns), as
illustrated in Table I.

B.  Data mining perspective

Over the years, ensemble techniques have been an active
topic of data mining research. For classification tasks, an
ensemble technique constructs a group of effective member
classifiers and aggregates outcomes from them. Effective
member classifiers are those fine and diverse. The former
means that a member classifier is expected to provide
reasonable performance, while the latter means that the
correlation between outcomes from two member classifiers is
expected to be small. It is commonly admitted that member
classifiers in an ensemble need to be diverse in order to
improve their performance by aggregation. The intuition is that
if some member classifier commits an error on some specific
data sample then other diverse member classifiers would have
a higher chance to correct the error.

From one point of view, ensemble techniques have become
popular for data mining practitioners because every
classification algorithm has its own limitations, such as the way
it generates decision boundaries and its capability to tolerate
noise. From another viewpoint, the idea behind all ensemble
techniques is that, if each member classifier has expertise in
analyzing samples specific to some portions of a given data set



then the final outcomes aggregated from all member classifiers
would become more reliable and stable. Consequently, one
potential advantage of using ensembles is the enhancement of
stability and robustness of the resulting classification models.

III.  THEORY-DRIVEN AND DATA-DRIVEN APPROACHES — A

SYNTHESIS

In this section, we describe the idea of synthesis between a
theory-driven and a data-driven approach to a problem [28]. A
classical theory-driven approach would typically rely on
statistical hypothesis testing. Let us consider an example where
we intend to assess the truth of the hypothesis that
achievement-orientation is a key factor of player motivation. In
an MMORPG, a measure of achievement-orientation of a
player could be his/her rate of progress (acquiring points or
leveling up) within the game. To test the hypothesis, we could
take samples of motivated (non-churners) and non-motivated
(churners) players and perform a two-sample significance test
with the null hypothesis as the mean rate of progress for the
two populations are equal, and the alternative hypothesis — the
mean rate of progress of motivated players is higher than that
of non-motivated players. The null hypothesis is rejected if the
P-value of the test statistic is less than or equal to the pre-
specified significance level; otherwise, we fail to reject the null
hypothesis.

A data-driven (e.g. data mining) approach, on the other
hand, is different from the hypothesis-driven approach
described above. Game logs collect an entire range of the
online activities of players in great detail. In a data-driven
approach, one can choose a meaningful subset of the observed
variables or features and perform tasks such as classification,
clustering or association rule mining (or frequent pattern
mining). For example, we can pose churn prediction as a binary
classification problem and construct models with appropriate
features constructed from the game logs. Using appropriate
metrics, one can evaluate the effectiveness of the model in
predicting churners and/or non-churners.

If we think in terms of interpreting the outcomes of patterns
discovered from a data-driven approach, there could be three
possibilities [28], as follows:

e The discovered pattern can confirm an existing
theory, in which case we can think of it as an
interpretation of the theory from a different

perspective.

If the discovered pattern contradicts an existing
theory, this could mean a potential breakthrough and
could imply that the existing theory needs to be re-
examined.

If a novel pattern is discovered, this could mean
discovery of new knowledge.

In this paper, we investigate both theory-driven and data-
driven approaches to solving the churn prediction problem.
Theories of human behavior usually do not account for a large
number of simultaneous variables. They simply are not able to
be complex enough because it is difficult for the human mind
to handle more than about seven factors at once [35], and
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perhaps fewer [36]. That is, any theory has to be both usable
(which machine learning models can do at any scale) and
understandable (which has an upper bound of complexity).

In our first approach, we construct 14 features based on
intuition but without the constraint of size. We call this
approach as data-driven. In the theory-driven approach, we
take only four features derived from the theories of player
motivation — three of these features are achievement-oriented
and one is socialization-oriented. We run classification
algorithms on these two datasets and then observe and compare
results from these two approaches. Finally, we use the theory-
driven approach to examine the predictive power of each of the
player motivation factors.

IV. ENSEMBLE APPROACH

Ensemble methods are a classification technique in which
individually trained classifiers are combined when classifying
novel instances [29]. They combine several data-driven models
in order to obtain a better composite global model [30]. In this
paper, we have implemented an ensemble and used it for the
churn prediction problem. The flowchart in Figure 1 outlines
the steps involved in training the ensemble.

Buildk clusters

Identify M-pure dusters

Getfirst/next duster

Evaluate each of the hasic
classifiers onthe cluster

Is M-pure
cluster?

Choose best classifier
for churners

Choose best classifier
for non-churners

Islast
cluster?

Figure 1. Flowchart for training an ensemble

In the first step, K-means algorithm is used to partition the
dataset into k clusters. When choosing the best classifier for a
cluster, we would like to keep the class distribution of the
cluster in mind. If a cluster is dominated with instances of the
negative class (non-churners), we would like to use a classifier
which performs well on the negative class. We call such a
cluster which is purer with respect to the negative class as an
N-pure cluster. In the second step of building an ensemble, we
identify the N-pure clusters. These are the clusters for which a)
number of non-churners is greater than twice the number of
churners and b) the cluster entropy is less than a threshold. We



have chosen the threshold to be 0.4 (as we shall see later, Table
V gives an indication of why 0.4 was used as the threshold — all
the clusters with entropy value below 0.4 were dominated by
instances of the negative class). Next, we evaluate several basic
classifiers on each of the clusters (i.e. segments of the dataset
generated by K-means). In case of N-pure clusters, we identify
the classifier which performs best on non-churners as the
designated classifier for that cluster. For other clusters, we
choose the classifier which performs best on the positive class.
At the end of the process, we have a classifier associated with
each of the clusters.

Once the ensemble is built, we classify a new instance in
the following way: First, we find the nearest cluster to which
the instance belongs. We then use the classifier associated with
that cluster to classify the instance.

V.  EXPERIMENTS AND ANALYSIS

A.  Experimental setup

For the experiments, we have used player activity logs from
Sony Everquest II for the time period February to June, 2006.
The activity logs collect an entire range of the online activities
of players such as individual and group quests, monster Kkills,
player deaths, in-game trade activities, spells cast, failures by
individuals or groups, player vs. player interactions. The
dataset consists of 7,891 instances of churners (the positive
class) and 8,578 instances of non-churners (the negative class).

Churners are identified as players who cancelled their
subscription and did not subsequently return to the game. In
addition, we also consider players for whom no activity has
been observed in the two months prior to the date of analysis as
churners. This is a meaningful addition to the hard
subscription-based definition since extended periods of
inactivity are indicative of player disinterest and churn
likelihood. Consequently, for this dataset, churners are the
players who have cancelled their subscriptions and stopped
playing the game and/or those with no recorded activity in the
months of May and June, 2006. A player session is defined as a
contiguous period of player activity. Since the activity logs
only record player actions, we had to define player-sessions
using a simple heuristic. A session consists of sets of activities
which are separated by no more than 30 minutes. Using this
definition, we calculate both session lengths and inter-session
lengths for a player. A single player can play the game with
multiple characters or roles and we identify the primary
character as the one which has the highest playtime (sum of all
session lengths) among all of the player’s characters.

The features used in the theory-driven approach are
described below along with their information-gain (IG) value.
Information gain measures how well a given attribute separates
the training examples according to the target classification and
is given by the expected reduction in entropy caused by
partitioning the examples according to the attribute [31]. All
the features are calculated for the player’s primary character.

Achievement-oriented features

Al-Rate of quest participation (IG: 0.1306)
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A2-Rate of monster kills (IG: 0.0491)

A3-Rate of gaining experience points (IG: 0.0385)
Socialization-oriented feature

S1-Rate of group interactions (IG: 0.0588)

The motivation behind choosing rate is that it would be a
stronger indicator of the intensity of engagement in an activity
than just the absolute value. For example, say A and B are two
players both of whom gain a total of 1,000 experience points
over the entire duration from February to June. If A acquires
those experience points in a single month and B does it over a
period of three months, one could say that A is more engaged
in the game and that would be reflected by the A’s higher rate
of gaining experience points as compared to B.

The following is a list of features for the data-driven
approach. Except D9, all the other features are calculated for
the player’s primary character. The features are listed in
decreasing order of the information gain (IG) value.

D1-Total session length (IG: 0.2077); this is the
effective playtime over the entire duration.

D2-Total experience points gained.(IG: 0.1462)
D3-Number of quests participated in (IG: 0.1384)
D4-Number of monster kills (IG: 0.1343)
D5-Number of deaths (IG: 0.1259)

D6-Number of times the primary character was part of
a group activity, such as group quests (IG: 0.1162).

D7-Total inter-session length (IG: 0.1147)

D8-Number of other characters interacted with (IG:
0.1138)

D9-Total number of characters controlled by the
player account (IG: 0.1107).

D10-Average character level (IG: 0.1002). As players
complete quests and gain experience points, their
character level goes up. This feature is a measure of
the primary character’s average level for the duration.

D11-Number of levels advanced during that time
period (IG: 0.0999)

D12-Number of churners the character has interacted
with (IG: 0.0404).

D13-Out of all the interactions with other players,
what percent of it was with churners (IG: 0.0173)

D14-Out of all the total experience points acquired in
group activities, what percent of it was acquired with
churners (IG: 0.015)

In order to better understand the dataset and distribution of
the two populations, we standardized the 14 data-driven
attributes and performed PCA (principle component analysis).
A PCA plot along the first two principal components (that
corresponds to the two variables capturing most the variance in



the data or the two most important uncorrelated new features
transformed from the original feature space) is presented in
Figure 2 in order to explore and visualize the international
structure of the data. Churners are represented by the red 1s
and non-churners by the blue 0s. As evident from the PCA
plot, the two classes are not well-separated (even in a feature
space where features are transformed so that they best explain
the variance in the data) which makes this a non-trivial
classification task. The plot also highlights the fact that, as the
instances of the two classes are not well separated, density-
based techniques such as one-class SVM would probably not
perform well on this dataset. A one-class SVM finds a
boundary that separates volume of high density from volumes
of low density [27] and uses that boundary for identifying
outliers.

Principal component plot

20

151

101

2nd principal component

1st principal component

Figure 2. PCA plot of churners and non-churners

B.  Experiment results and analysis

1) Experiment 1- The purpose of this experiment is to do a
comparison between the data-driven and theory-driven
models. Table II shows the 10-fold cross-validation results
given by a C4.5 decision tree classifier on Weka [33] (J48 is
the implementation of C4.5 on Weka) for different feature
combinations. In the table, precision, recall, and F-meausre are
given in percentage. We have used a decision tree for this
experiment because we intend to investigate model complexity
that could be represented by the size of a tree. Please note in
Table II a tree size of X/Y indicates the total number of nodes
in the tree is Y with X leaf nodes.

TABLE II. J48 PERFORMANCE FOR DIFFERENT FEATURE SETS
Feature sets Tree size Precision | Recall (%) | F-measure
(%) (%)
DI1..D14 243/485 69.3 84 76
A1,A2,43,81 30/59 67.1 76.2 71.3
Al1,A2,A3 19/37 67.2 73.2 70.1
S1 4/7 64.3 554 59.5

Below are the main observations from this experiment:

a) Comparison of data-driven and theory-driven: The
first row in Table II shows the results for the 14 data-driven
features. This feature set produces the best results (F-
measure=76) but the model complexity is also the highest, as
evident from a tree size of 243/485. The second row shows the
results for the 4 theory-driven features — here, we see a 4.7%
drop in F-measure to 71.3. However, the model complexity is
substantially reduced (tree size 30/59). Thus we observe that
even though the theory-driven model is not as accurate as the
data-driven one, the theory-driven model itself can be more
interpretable to the domain experts and hence, more preferable
over a complex data-driven model.

In keeping with the arguments put forth in [34], we have
discovered a more accurate and complex model, extracted a
more comprehensible approximation to it (based on domain
knowledge) and using the Occam’s razor argument we are
favoring the simpler (more comprehensible) model because
simplicity is a goal in itself.

b) Impact of different motivational factors: The last two
rows of table II indicate the individual discriminating power of
the two motivational factors (achievement and socialization).
An interesting observation here is that achievement-oriented
features alone produce an F-measure of 70.1 whereas
achievement and socialization features taken together gives an
F-measure of 71.3. This is only a 1.2% increase — so, we can
conclude that the theory-driven model is dominated by
achievement-orientation.

¢) Improvement over previous results : Kawale et al
have proposed a churn prediction model based on social
influence among players and their personal engagement in the
game [19]. They get a precision and recall values of 50.1 and
29.8 respectively on the same dataset as used in this paper
[19]. Using new theory-driven features and an updated
definition of churners, our best prediction model gives a
precision score of 69.3 and recall score of 84 (refer Table II) —
an increase of 38.3% in precision along with an increase of
181.9% in recall and thus, significantly outperforming the
modified diffusion model from reference [19].

2) Experiment 2- In this experiment, we generate and
compare lift curves for the data-driven and theory-driven
models. A lift curve is an important tool for direct marketing
when a subset of customers are to be contacted [32]. The lift is
a measure of a predictive model calculated as the ratio
between the results obtained with and without the predictive
model [22]. The steps involved in generating the lift curve is
described in the next section.

We first divide the original dataset into training and test
instances in the ratio of 2:1 (i.e. 66.7% for training and 33.3%
for test), while keeping intact the ratio of churners to non-
churners within each set. Table III depicts breakdown of the
original dataset for the experiment. Next, we train a C4.5
decision tree classifier on the training set and use the trained
model to classify instances on the labeled test set. During
classification, along with the predicted label, we also assign a



churn probability to each instance. The classified instances are
then sorted in decreasing order of their churn probabilities to
generate the lift curve for the prediction model.

TABLE III. BREAKDOWN OF DATASET
Training Test Set Full % of total
Set dataset
Churners 5261 2630 7891 4791
Non-churners 5718 2860 8578 52.09
Total 10979 5490 16469 100

Figure 3 shows lift curves for the data-driven model and
the theory-driven model and the lift over a random-guess
model. For example, when we consider the first 20% of test
instances (e.g. contact the first 20% of players), random guess
would identify 20% of churners, but the data-driven model
and the theory-driven model would identify 30% and 40% of
churners, respectively.

Lift curves
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% of total test instances

== Data-driven model =—==Theory-driven model Random-guess model

Figure 3. Lift curves for the two models

Figure 3 also presents a trade-off between when to use the
theory-driven model and when to use the data-driven model.
We observe that with 25% of the total test instances, we can
reach 50% of the potential churners with the theory-driven
model but we can only reach around 40% of the churners if we
were to use the data-driven model. Thus, the theory-driven
model performs better than the data-driven model for the top
25% of instances with the highest churn probabilities. On the
other hand, if we consider more test instances (e.g. contact
more players), we could reach slightly more potential churners
using the data-driven model than the theory-driven model.
When the portion of the considered test instances is between
40% and 70%, the data-driven model identifies more churners.
Between 70% and 75%, the theory-driven model is slightly
better; between 70% and 90%, both are the same; after 90%,
the theory-driven model is better. As a result, if we are only
allowed to consider a small portion of test instances (for
example, if resources are limited and we are only allowed to
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contact a small portion of players), we could consider using
the theory-driven model. On the other hand, if we are allowed
to consider a larger portion, but not all, of test instances, we
could consider using the data-driven model. Thus, if a
marketing effort is restricted in the number of customers it can
contact, the theory-driven model would offer much better
return-on-investment by identifying more customers among
that restricted set who have the highest probability of churn,
whereas the data-driven model might be preferred if marketing
resources are more abundant.

3) Experiment 3- In this experiment, we use the ensemble
described earlier on the dataset and observe the results. As
mentioned earlier, the ensemble takes as input the number of
clusters k into which the dataset needs to be partitioned. Since
we do not know the number of naturally ocuring clusters in the
dataset, we can estimate this by running some preliminary
experiments as described next.
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Figure 5. Total entropy vs. number of clusters

Using K-means we partition the dataset into increasing
number of clusters in successive runs. Figures 4 and 5 show
how the within cluster Sum of Squared Errors (SSE) and the
total entropy change as the number of clusters is increased. As
one might expect, both the within cluster SSE and total entropy



generally decrease with an increase in the number of clusters.
To get an estimate of the number of clusters to choose as input
for the ensemble, one might look for the knee of the curves.
For our experiments we run the ensemble with for different
number of clusters as input and observe how the overall
performance of the ensemble is affected (refer Table IV).

Entropy characterizes the impurity of an arbitrary collection
of samples [31] and total entropy of a set of clusters is the
weighted average of individual cluster entropies.

Cluster entropv,E; = — log.p — log.{1 —p)

where, p = proportion of positive samples (churners)
E
Total entropy = Z w; E;
i=1

k is the total number of clusters
w;= Ny/N is the fraction of samples in the i cluster
E; is entropy of the i cluster

where,

TABLE IV. ENSEMBLE CLASSIFIER RESULTS
No. of clusters Precision Recall F-measure
5 66.23 91.94 76.99
10 66.49 91.08 76.87
15 67.58 89.80 77.12
20 67.6 90.13 77.25

Table IV shows the 10-fold cross-validation results of the
ensemble for 5, 10, 15 and 20 clusters. For the ensemble, we
have used J48 (C4.5 decision tree), JRip (Repeated Incremental
Pruning to Produce Error Reduction, or RIPPER), SMO
(Sequential Minimal Optimizaton) with RBF Kernel, Naive
Bayes and k-Nearest neighbor (called IBk in Weka) as base
classifiers, using the 14 data-driven features. The best overall
result, 77.25 shows a 1.25% improvement over the best result,
76 of a single J48 classifier (refer Table II) on the entire
dataset. Though this may not be a substantial gain in overall
performance, we observe a considerable improvement in terms
of the recall value of the classifier. The best recall value for the
ensemble classifier is 91.94 — this is a 7.94% increase over the
best recall value, 84, for a single classifier (refer Table II). A
high recall value is a desirable property in a churn prediction
model because it means the classifier is able to identify a larger
percentage of the churners correctly. In a typical churn
prediction problem, failing to identify potential churners (false
negatives) can be much more costly than wrongly identifying
non-churner as a churner (false positives). In reality, a 7.94%
increase in recall could be translated into millions of dollars in
cost savings.

TABLE V. CLUSTER STRUCTURE (K=20)
Cluster# Size Churner: Entropy Classifier
Non-churner
19 525 4:521 0.065 J48
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15 441 4:437 0.075 J48
0 482 5:477 0.08 J48
8 179 3:176 0.123 J48
11 351 7:344 0.14 J48
12 635 18:617 0.19 J48
18 382 15:367 0.24 JRip
17 127 14:113 0.5 1Bk(3)
5 525 107:418 0.73 NaiveBayes
4 470 104:366 0.76 IBk(3)
6 137 100:37 0.84 J48
2 2945 2084:861 0.87 JRip
16 363 111:252 0.89 IBk(3)
14 888 596:292 091 J48

1 3105 2053:1052 0.92 J48
13 1570 970:600 0.96 J48
9 991 587:404 0.98 SMO
3 359 159:200 0.99 JRip

Table V gives cluster size and distribution of classes within
each cluster. The clusters are ranked in increasing order of
purity, as given by cluster entropy. The highlighted clusters are
N-pure and for these clusters we use the classifier which does
best on the negative class. The last column in Table V shows
the base classifier being used for that cluster.

We observe from Figure 2 (the PCA plot) that the two
classes are not well-separated. As we can see in Table V that
the two classes are well-separated in some clusters (with low
entropy values). In addition, Table V also shows that different
groups of churners or non-churners require different
classification algorithms. As one example, clusters 4 and 5 are
similar in size and entropy value, while 3-nearest neighbor
algorithm performs the best for cluster 4 and naive Bayes
algorithm performs the best for cluster 5. As another example,
clusters 9 and 3 are similar in entropy value, while sequential
minimal optimization algorithm outperforms others for cluster
9 and RIPPER algorithm outperforms others for cluster 3. This
implies that there may not exist a single classification
algorithm able to effectively classify churners or non-churners
in all groups. This also implies that different groups churners or
non-churners present different behavior patterns. These two
together imply that a single model built globally on the whole
dataset would not be as good as a set of models built locally on
clusters. This argument is supported by our experiments where
we observed an improved recall score of the ensemble over a
single model.

VL

In this paper, we have looked at the problem of churn
prediction in MMORPGs and found that player motivation is a
key factor in understanding churn behavior. Our churn
prediction model based on theories of player motivation
significantly outperforms a diffusion-based model on the same
dataset. Within the context of the problem, we have done a
comparison of data-driven and theory-driven approaches and
tried to give some insight into how the two approaches can

CONCLUSIONS AND FUTURE WORK



work together. We found that the theory-driven model can be
more interpretable to the domain experts and hence, more
preferable over a complex data-driven model (which is only
slightly more accurate). We have also used an ensemble
approach to further improve the results of the basic model.

As future work, we will examine the interplay of the
different motivational factors and investigate the feasibility of

coming up with behavioral signatures of different population
segments based on this analysis. We believe that such analysis
will provide valuable insight and serve as a helpful tool for
marketing and sales analysts. Furthermore, we will refine the
ensemble approach, using other algorithms and different
evaluation measures for training and choosing the base
classifiers.
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