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Abstract—Massively Multiplayer Online Role-Playing Games
(MMORPGs) are persistent virtual environments where millions
of players interact in an online manner. We study the problem of
player churn and social contagion using MMORPG game logs by
analyzing the impact of a node’s churn behavior on its immediate
neighborhood or group. The two key research questions in this
paper are - When an active node, ego, becomes dormant, what is
the impact on the activity behavior of ego’s immediate neighbor,
alter, 1) based on ego’s characteristics and ego’s relationship with
alter and 2) based on the activity behavior of alter’s remaining
neighbors. We use a supervised learning framework to study the
impact of player churn and social contagion. Experimental results
show that the classification models perform substantially better
than random for both the research problems. Finally, we use
a data-driven approach to propose a player typology based on
degree of socialization and analyze churn behavior among these
player types. Experimental results show that the loner player type
is much more likely to churn than the socializer player types and
as the degree of socialization decreases among socializers, the
propensity to churn increases.
Index Terms—churn, social contagion, supervised learning,
clustering, player typology

I. I NTRODUCTION
Most of existing churn research have focused on modeling
individual churn behavior without considering network effects.
Recent work have started to investigate the influence of social
ties in individual churn analysis [2], [3]. However, all the
studies so far have focused on the impact on individual churn
based on neighbors who have already churned. In this paper,
we study what is the impact on an actor’s neighborhood if the
actor churns from the network. To the best of our knowledge,
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this question has not been studied in the churn literature and
we believe this would be our novel contribution to the area.
An important aspect of any churn prediction model is how
early the model can identify that an actor is at risk of churn.
Typical churn prediction models would predict whether an
actor is likely to churn in the next time window; which
could be a week or month. However, at this point it may
already be too late for Customer Relationship Managers to
take effective counter-measures to prevent the churn from
happening. Prior studies have shown that socialization has an
impact on individual churn [1]–[3]. We can therefore make
the assumption that when an actor churns, it has an impact
on the actor’s neighborhood. Specifically, we would expect
the churn likelihood of the actor’s neighbor to change and
the magnitude of the change would depend on the degree
and nature of influence that the actor has on the neighbor.
This can provide early warning regarding an actor’s propensity
to churn rather than just doing next-interval prediction. Key
contributions of the paper are listed below.
First, we address the question - When an active node,
ego, becomes dormant, what is the impact on the activity
behavior of ego’s immediate neighbor, alter, based on ego’s
characteristics and ego’s relationship with alter? We consider
individual game-based and node-based features for ego and
also features based on the existing relationship between alter
and ego. Results indicate that ego’s centrality/prestige in the
network is a key determinant of alter’s activity behavior
after ego becomes dormant. Ego’s character level, which is
indicative of expertise level, is also a key factor in alter’s
change in behavior. Among the features based on the existing
relationship between alter and ego, we find that the number
of common neighbors and the adar-adamic index are key
determinants in the contagion process. Finally, results indicate
that homophily-based features between alter and ego are not
very discriminating in predicting dyadic influence.
Second, we address the question - When an active node, ego,
becomes dormant, what is the impact on the activity behavior
of ego’s immediate neighbor, alter, based on the activity

behavior of alter’s remaining neighbors? Results indicate
that alter’s behavior is strongly impacted by the number of
remaining active neighbors and the strength of the relationship
with those neighbors. Thus, we find that there is a strong social
influence in effect wherein alter’s activity behavior is impacted
by the activity behavior of the players around alter. This is in
keeping with existing models of diffusion in the literature [4].
Third, we use a supervised learning framework to study the
impact of player churn and social contagion. Experimental results show that the classification models perform substantially
better than random for both the research problems.
Fourth, we use a data-driven approach to propose a player
typology based on degree of socialization of players and analyze churn behavior among these player types. Experimental
results show that the loner player type is much more likely
to churn than the socializer player types and as the degree
of socialization decreases among socializers, the propensity to
churn increases.
To the best of our knowledge, the problem of player churn
and social contagion has not been studied in the literature
and in general, the problem of social contagion has not been
studied in a supervised learning framework.
II. BACKGROUND AND R ELATED W ORK
In this paper, we focus on the impact of a node’s churn
behavior on its immediate neighborhood or group - the underlying sociological processes of this study relate to the fields
of social influence, social contagion and group dynamics.
Specifically, the research questions in this paper relate to
behavioral contagion [5] with the behavior in question being
a player’s churn in an online game setting.
Recent work has started looking at social contagion and
behavior cascades in human social networks [6], [7] - this
encompasses a diverse spectrum of behavior and affective
states such as happiness [8], loneliness [9], depression [10],
smoking [11], alcohol consumption [12] and even obesity [13].
Aral and Walker used in vivo randomized experimentation
to identify influence and susceptibility in networks using a
sample of 1.3 million Facebook users [14]. In a separate
study, Aral et al. [15] distinguished between contagion and
homophily [16] effects in a dataset documenting product
adoption in a large network.
Traditionally, models of diffusion by which information,
ideas and influence spread through a network has been studied extensively in a number of domains such as diffusion
and adoption of innovations [17], [18], spread of infectious
diseases in epidemiology [19], [20], the effects of ”word
of mouth” and ”viral marketing” in the promotion of new
products [21]–[23], trust propagation through networks [24],
[25] and more recently, information diffusion in online social
networks [26]–[29].
We study behavioral contagion in small groups within online
games in this paper. To the best of our knowledge, no other
work has studied this problem. Previous studies have only
looked at in-game player organizations in MMORPGs called
guilds. Williams et al. did an extensive study of the social life

Fig. 1. Dormancy - Classification Labels

of guilds in World of Warcraft by interviewing a representative
sample of players in the game [30]. Ducheneaut et al. analyzed
the structural properties of guilds in World of Warcraft, and
examined some of the factors that could explain the success
or failure of these groups [31]. Kang et al. [32] studied the
social dynamics of a guild in its early stages and found that
social activities that lead to an increase in an individual’s
profit are the main factors in strengthening and expanding
the lifetime of the guilds in these stages, more so than pure
friendship and loyalty, especially in the very early stages. Patil
et al. [33] used a classification-based approach to predict guild
stability and constructed a range of features that describe group
composition, group structure and group activities.
III. M ETHODOLOGY
We use a supervised learning approach to study the impact
of ego’s churn on its immediate neighborhood or group.
A. Classification Labels
A node is labeled based on whether or not it becomes
dormant going from one week to the next. Figure 1 illustrates
the labelling scheme.
• DORMANT: A node is labeled as DORMANT in week
n if its session length drops to zero in week n + 1.
• ACTIVE: A node is labeled as ACTIVE in week n if its
session length has a non-zero value in week n + 1.
B. Dyadic Influence of ego on alter’s activity behavior
The first research question we address is
RQ1: When an active node, ego, becomes DORMANT,
what is the impact on the activity behavior of ego’s immediate neighbor, alter, based on ego’s characteristics and ego’s
relationship with alter?
The purpose of this study is to gain insight into the factors
that influence alter’s behavior when ego is no longer in
the network, as illustrated in Figure 2 where ego becomes
DORMANT in week n + 1. In this particular scenario, ego
has three neighbors in week n. We consider individual gamebased and node-based features for ego in week n and also
features of the edges ego-A, ego-B and ego-C in week n in
order to predict the label for A, B and C in week n+1.

[34] program for analysis and visualization of large networks.
•

Degree Centrality: Degree centrality is based on the
number of edges incident upon the node (i.e., the number
of ties that a node has) [35]
CD (ego) = Degree(ego)

•

•

(1)

Closeness Centrality: The farness of a node s is defined
as the sum of its distances to all other nodes, and its
closeness is defined as the reciprocal of the farness. Thus,
the more central a node is the lower its total distance to
all other nodes.
Betweenness Centrality: Betweenness centrality of a node
is a measure based on the number of shortest paths that
a vertex lies in [36]

Fig. 2. Dyadic Influence of ego on alter - illustrative example

CB (ego) =
1) Game-based features for ego: These features are intended to capture ego’s engagement and experience in the
game. A key indicator of engagement is the amount of
playtime ego puts into the game and this is captured using
session-related features. The activity logs available to us only
record player actions and did not explicitly define sessions.
So, we used a simple heuristic to define player-sessions a session consists of sets of activities which are separated
by no more than 30 minutes. We consider ego’s overall
sessions and sessions spent in groups. While the Overall
Session features give a measure of ego’s overall engagement,
the Group Session features are a measure of ego’s degree of
socialization/group-oriented activities during the week. The
features in this category are listed below • Overall Number of Sessions for ego during the week.
• Overall Session Length (mins) for ego during the week.
• Overall Inter-Session Length (mins): Time between sessions for ego during the week.
• Number of Sessions in Groups spent by ego during the
week.
• Session Length (mins) in Groups spent by ego during the
week.
• Inter-Session Length (mins) in Groups spent by ego
during the week.
• Player Character Level - max character level for ego
during the week. This feature is intended to capture ego’s
level of expertise in the game. A player with greater
expertise in the game can be expected to have greater
influence on its immediate neighbors.
• Experience Points collected by ego during game play in
the week. This feature is intended to capture ego’s degree
of success in game-play activities during the week. Successful players can be expected to have greater influence
on its immediate neighbors in terms of motivating them
towards game-play.
2) Network-based features for ego: These features are
intended to capture the importance/prestige of ego in the
network. The features were were computed using the Pajek

X
s6=i6=t∈V

•

σst (ego)
σst

(2)

where σst is the number of shortest paths from s to t
and σst (i) is the number of shortest paths from s to t
that pass through vertex ego.
Clustering Coefficient: Clustering Coefficient is the fraction of pairs of a person’s collaborators who have also
collaborated with one another [37].
C(ego) =

3 × number of triangles
number of connected triples

(3)

3) Edge-based features for ego and alter: These features
are intended to capture various facets of the existing relationship between ego and alter such as a) shared sessions, b)
common neighbors in the network and c) homophily. Shared
sessions between alter and ego are a good indicator of the
strength of interpersonal connection between the nodes. Features based on common neighbors and similarity metrics are
intended to capture . Homophily-based features are intended to
capture similar tastes, preferences and demographics between
alter and ego.The features in this category are listed below •
•
•

Shared Number of Sessions between alter and ego during
the week.
Shared Session Length (mins) between alter and ego
during the week.
Common Neighbors: as given by
n(ego, alter) = |G(ego) ∩ G(alter)|

•

Jaccard Index [38]: a statistic used for comparing the
similarity and diversity of sets.
γ(ego, alter) =

•

(4)

|G(ego) ∩ G(alter)|
|G(ego) ∪ G(alter)|

(5)

Adar-Adamic Index: Neighbors with few connections
have more weight in capturing the similarity of nodes
i and j [39].
X
1
α(ego, alter) =
(6)
log(|G(k)|)
k∈G(ego)∩G(alter)

TABLE I
W EEKLY ACTIVITY N ETWORKS - BREAKDOWN BY DORMANCY LABELS

Ego Label
DORMANT
ACTIVE
Total Nodes
Total Edges
Fig. 3. Neighborhood Influence on alter - illustrative example

•
•

•

•
•

Character Race Homophily Indicator: identifies whether
alter and ego belong to the same race within the game.
Character Class Homophily Indicator: identifies whether
alter and ego belong to the same class within the game. In
a generalized setting, this could be interpreted as whether
the two actors have similar skills and interests.
Character Guild Homophily Indicator: identifies alter
and ego to the same guild in the game. In a generalized
setting, this could be interpreted as whether the two actors
belong to the same organization or group and hence share
a common goal.
Character Gender Homophily Indicator: identifies alter
and ego have the same character gender in the game.
Real Country Homophily Indicator: identifies whether
alter and ego belong to the same real-world country.

C. Neighborhood Influence on alter’s activity behavior
The second research question we address is
RQ2: When an active node,ego, becomes DORMANT, what
is the impact on the activity behavior of ego’s immediate
neighbor, alter, based on the activity behavior of alter’s
remaining neighbors?
The purpose of this study is to gain insight into the factors
that cause alter to leave or stay after ego has left the network,
as illustrated in Figure 3 where ego becomes DORMANT in
week n + 1. In this particular scenario, ego has five neighbors
in week n and depending on the remaining neighbors, each
of these alter may undergo a different change in their activity
behavior. For example, B and C may become DORMANT
as well since they were part of a triad with ego. D might
continue to remain ACTIVE because of E’s influence. F, G
and H maybe relatively unaffected because they are part of a
stable triad.
In order to study this question, we look at the neighbors for
alter for the week n. The general idea is that because of social
influence [4], a node’s behavior will primarily be impacted by
the behavior of the players around alter. The specific features
are listed below • Number of DORMANT neighbors: for alter in the current
week.
• Number of ACTIVE neighbors: for alter in the current
week.

Week
15
16
1308
1488
(22.16%) (24.23%)
4594
4652
(77.84%) (75.77%)
5902
6140
35592
38114

14
1266
(21.69%)
4572
(78.31%)
5838
35713

17
1480
(24.69%)
4515
(75.31%)
5995
37928

TABLE II
EQII W EEKLY G ROUP N ETWORKS - AVERAGE DEGREE BY DORMANCY
LABELS

Ego Label

14
4.92
14.22

DORMANT
ACTIVE

•
•

Week
15
16
5.21
5.08
13.99 14.75

17
5.03
15.09

Edge-weighted DORMANT neighbors: for alter in the
current week.
Edge-weighted ACTIVE neighbors: for alter in the current
week.

D. Player typology based on group interactions
Finally, we use a data-driven approach to segment players
into different types based on their degree of socialization and
analyze churn behavior among these player segments. We use
the following features to segment the nodes into different
player types.
• Number of neighbors: in the current week.
• Fraction of group sessions: in the current week, given by

•

Number of group sessions
Total sessions
Average tie strength: in the current week, given by
Number of group sessions
Number of neighbors

(7)

(8)

IV. E XPERIMENTAL R ESULTS AND A NALYSIS
A. Data Description
Data from the MMORPG - Sony Everquest II 1 was used for
the experiments and analysis. The game data had four servers
and in-game relationships among players include housing
(player grants access to his/her house to another player),
mentoring (experienced player mentoring another player to
help the latter acquire skills and level up within the game),
trading (buying and selling of in-game items), chat and
grouping. As a player levels up within the game, the quests
become progressively more difficult and it becomes essential
for players to play in groups to accomplish tasks and progress
1 https://www.everquest2.com/

TABLE III
DYADIC I NFLUENCE DATASET

Alter Label
(Week 14)
DORMANT
ACTIVE
Total

Sample Size

Percentage

1228
5005
6233

19.7%
80.3%
100%

through the game 2 . For the purposes of our analysis, we used
data from the guk server and the grouping relationships to
build networks across the weeks.
Table I gives a breakdown of the nodes and edges in
the group networks across 4 weeks for the two labels DORMANT and ACTIVE. For example, there are a total
of 5838 nodes and 35713 undirected edges in the week
14 group network. Of the 5838 nodes in week 14, 1266
become DORMANT (session length goes to zero) and 4572
remain ACTIVE (non-zero session length). We observe that,
on average, around 23.19% of the nodes become DORMANT
and 76.81% of the nodes remain ACTIVE going into the next
week.
Table II shows the average degree of nodes for the two
labels. We observe that, on average, DORMANT nodes have
5.06 neighbors and ACTIVE nodes have 14.52 neighbors.
This indicates that nodes which become dormant have a
disproportionately smaller number of neighbors.
B. Experiment 1 - Dyadic Influence on alter’s activity behavior
In this experiment, we use a binary classification approach
to study the factors that impact activity of ego’s immediate
neighbor, alter, when ego becomes DORMANT - based on
ego’s characteristics and ego’s relationship with alter. The
week 14 group network is used for these purposes. There
are 1266 nodes in the week 14 network which become
DORMANT and there are 6233 edges connected to these
nodes. Thus, we get 6233 samples for the experiment (refer
Table III). Of these samples, alter itself becomes DORMANT
in 1288 (19.7%) of the samples and alter remains ACTIVE in
5005 (80.3%) of the samples.
Table IV lists the 22 features (refer Section III-B) in
decreasing order of their info-gain value. Based on this table,
we observe that the top five features in predicting change in
alter’s behavior after ego has become DORMANT are • Ego’s closeness centrality: Closeness centrality of a node
is a centrality measure based on how close the node is to
all other nodes. The importance of this feature indicates
that ego’s location within the network is indicative of its
social influence on its neighbors and is highly discriminating in terms of determining alter’s behavior when ego
leaves.
• Number of common neighbors between alter and ego:
Common neighbors between ego and alter are an indi2 http://eq2.wikia.com/wiki/Groups

cator of the strength of the connection between ego and
alter.
• Ego’s character level: This feature indicates that ego’s
level of expertise is important in determining alter’s
behavior.
• Adar-adamic index for alter and ego: Adar-adamic index
between two nodes is greater when common neighbors of
the two nodes have fewer connections. The importance
of this feature indicates that when the common neighbors
between alter and ego are primarily connected to them,
the influence is stronger.
• Ego’s degree centrality: This feature indicates that ego’s
connectivity, in general, is indicative of its influence on
alter.
Furthermore, we observe that homophily-based features
between alter and ego are not very discriminating in predicting
dyadic influence.
Table V shows the precision, recall and f-measure results for
the dyadic influence model on the DORMANT and ACTIVE
labels. We observe that all the models do much better than
random for both the labels (refer Table III).
C. Experiment 2 - Neighborhood Influence on alter’s activity
behavior
In this experiment, we use a binary classification approach
to study the factors that impact activity of ego’s immediate
neighbor, alter, when ego becomes DORMANT -based on the
activity behavior of alter’s remaining neighbors. The week
14 group network is used for these purposes. There are 1266
nodes in the week 14 network which become DORMANT
and there are 3157 unique alter’s connected to these nodes.
Thus, we get 3157 samples for the experiment (refer Table
VI). Of these samples, alter itself becomes DORMANT in
770 (24.39%) of the samples and alter remains ACTIVE in
2387 (75.61%) of the samples.
Table VII lists the 4 neighbor based features (refer Section
III-C) in decreasing order of their info-gain value. Based on
this table, we observe that alter’s behavior is strongly impacted
by the number of remaining active neighbors and the strength
of the relationship with those neighbors. This is indicative of
a social influence effect going on.
Table VIII shows the precision, recall and f-measure results
for the neighborhood influence model on both the labels. We
observe that the models do much better than random for the
both the labels (refer Table VI).
D. Experiment 3 - Player types and churn behavior
K-means clustering is used to segment the Week 14 dataset
into different clusters. In order to get an idea for the number of
naturally occurring clusters in the dataset, we plot the Within
Cluster Sum of Squared Errors (SSE) against the number of
clusters, k - (refer Figure 4). To get an estimate of the optimal
number of clusters, one might look for the knee of the curve.
In this case, we observe that optimal number of such clusters
is 4. Quantitative techniques may also be used for this sort of
analysis. For example, the Calinski-Harabasz index (CH) [40]

TABLE IV
DYADIC I NFLUENCE M ODEL - I NFO - GAIN RANKING OF FEATURES

Info-gain Ranking
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

Feature
ego curr
alter ego
ego curr
alter ego
ego curr
alter ego
ego curr
ego curr
alter ego
alter ego
alter ego
alter ego
alter ego
ego curr
ego curr
ego curr
ego curr
ego curr
alter ego
ego curr
ego curr
alter ego

week closeness cent
curr week common neighbors
week pc level
curr week adar adamic index
week degree cent
curr week shared num sessions
week clustering coef
week total xp
guild indicator
country indicator
race indicator
gender indicator
class indicator
week sl mins
week betweenness cent
week group sl mins
week num group sessions
week num sessions
curr week shared sl mins
week isl mins
week group isl mins
curr week jaccard index

Info-gain Value
0.0856
0.07826
0.06883
0.0638
0.05962
0.04531
0.03559
0.02996
0.02622
0.02337
0.02331
0.02202
0.02127
0.0143
0.01413
0.01385
0.0137
0.01357
0.00948
0.00557
0.00257
0

TABLE V
DYADIC INFLUENCE M ODEL - 10- FOLD CROSS VALIDATION RESULTS

Model
J48
Logistic
kNN
Naive Bayes
Perceptron
AdaBoost
Bagging

Precision
54.95
62.63
46.6
36.6
60.54
53.02
63

DORMANT
Recall F-measure
36.64
43.97
23.62
34.3
32.41
38.23
55.7
44.17
23.86
34.23
40.8
46.11
38.27
47.62

TABLE VI
N EIGHBORHOOD I NFLUENCE DATASET

Alter Label
(Week 14)
DORMANT
ACTIVE
Total

Sample Size

Percentage

770
2387
3157

24.39%
75.61%
100%

•

•

evaluates the cluster validity based on the average betweenand withincluster sum of squares
Table IX lists the cluster centroids from the output of the kmeans algorithm - we identify the following four player types
based on characteristics of the cluster that the player belongs
•

Social Butterfly: This player type interact with a large

•

Precision
85.63
83.74
84.57
87.53
83.74
86.25
86.19

ACTIVE
Recall F-measure
92.63
88.99
96.54
89.69
90.89
87.62
76.32
81.55
96.18
89.53
91.13
88.62
94.49
90.14

number of other players (mean of 115.04 neighbors) but
the average tie strength is quite low (mean of 0.29) with
the other players. In other words, such players have a lot
of weak connections
Large Pack Wolf : This player type interact with a smaller
number of other players as compared to a Social Butterfly
(mean of 58.86 neighbors) but the average tie strength is
more that of a Social Butterfly (mean of 0.41).
Small Pack Wolf : This player type interact with a smaller
number of other players as compared to a Large Pack
Wolf player (mean of 26.35 neighbors) but the average
tie strength is more that of a Large Pack Wolf player
(mean of 0.87).
Lone Wolf : This player type interacts with the small number of other players as compared to the other player types

TABLE VII
N EIGHBORHOOD I NFLUENCE M ODEL - I NFO - GAIN RANKING OF FEATURES

Info-gain Ranking
1
2
3
4

Feature
num curr week neighbors ACTIVE
weighted curr week neighbors DORMANT
weighted curr week neighbors ACTIVE
num curr week neighbors DORMANT

Info-gain Value
0.1881
0.1437
0.1265
0.0167

TABLE VIII
N EIGHBORHOOD I NFLUENCE M ODEL - 10- FOLD CROSS VALIDATION RESULTS

Model
J48
Logistic
kNN
Naive Bayes
Perceptron
AdaBoost
Bagging

Precision
65.83
65.32
54.22
54.63
63.93
60.74
66.54

DORMANT
Recall F-measure
44.29
52.95
42.08
51.18
48.44
51.17
60.52
57.42
43.51
51.78
47.01
53
45.19
53.83

Precision
83.74
83.24
83.93
86.81
83.48
84.07
83.98

ACTIVE
Recall F-measure
92.58
87.94
92.79
87.76
86.8
85.34
83.79
85.27
92.08
87.57
90.2
87.03
92.67
88.11

(mean of 6.82 neighbors) but the average tie strength is
highest compared to the rest (mean of 2.63). In other
words, such players have a very few strong connections
Among the three player types, we observe that the fraction
of group sessions is in the majority (0.6 to 0.67) for the first
three categories but in the minority (0.46) for the Lone Wolf
category.
Finally, we look at the proportion of churners and nonchurners for each player type (refer Table X). We observe that
as we go down the list of player types in decreasing order of
neighbors and fraction of group sessions and increasing order
of average tie strength, the propensity to churn increases i.e
Social Butterfly > Pack Wolf > Lone Wolf. This would indicate
that the loner player type is much more likely to churn than
the socializer player types and as the degree of socialization
decreases among socializers, the propensity to churn increases.
V. C ONCLUSION AND F UTURE W ORK
We address two research questions related to player churn
and social contagion in this paper. We used a supervised learning framework for the study and found that the classification
models perform substantially better than random for both the
research problems.
First, we address the question - When an active node,
ego, becomes dormant, what is the impact on the activity
behavior of ego’s immediate neighbor, alter, based on ego’s
characteristics and ego’s relationship with alter? We consider
individual game-based and node-based features for ego and
also features based on the existing relationship between alter
and ego. Results indicate that ego’s centrality/prestige in the
network is a key determinant of alter’s activity behavior
after ego becomes dormant. Ego’s character level, which is
indicative of expertise level, is also a key factor in alter’s
change in behavior. Among the features based on the existing

Fig. 4. K-means for getting player types

relationship between alter and ego, we find that the number
of common neighbors and the adar-adamic index are key
determinants in the contagion process. Finally, results indicate
that homophily-based features between alter and ego are not
very discriminating in predicting dyadic influence.
Second, we address the question - When an active node, ego,
becomes dormant, what is the impact on the activity behavior
of ego’s immediate neighbor, alter, based on the activity
behavior of alter’s remaining neighbors? Results indicate
that alter’s behavior is strongly impacted by the number of
remaining active neighbors and the strength of the relationship
with those neighbors. Thus, we find that there is a strong social
influence in effect wherein alter’s activity behavior is impacted
by the activity behavior of the players around alter. This is in

TABLE IX
P LAYER TYPES BASED ON K- MEANS CLUSTERING

Player Label

No. of samples

Social Butterfly
Large Pack Wolf
Small Pack Wolf
Lone Wolf

137
549
1223
2706

Number of neighbors
115.04
58.86
26.35
6.82

TABLE X
C HURN B EHAVIOR BASED ON P LAYER T YPES

Player Type
Social Butterfly
Large Pack Wolf
Small Pack Wolf
Lone Wolf

Churners
7 (5.1%)
48 (8.7%)
220 (18%)
1176 (43.5%)

Non-churners
130 (94.9%)
501 (91.3%)
1003 (82%)
1530 (56.5%)

keeping with existing models of diffusion in the literature [4].
Finally, we use a data-driven approach to propose a player
typology based on degree of socialization of players and analyze churn behavior among these player types. Experimental
results show that the loner player type is much more likely
to churn than the socializer player types and as the degree
of socialization decreases among socializers, the propensity to
churn increases.
The research questions and analysis in this paper deal with
gaining insights into the churn contagion process and discovering the network substructures which facilitate or inhibit the
contagion process. We believe understanding these factors can
be quite helpful in early identification of at-risk players and
give the CRM folks a window of opportunity to address and
mitigate the risk. One possible action that CRM folks could
take would be to recommend friends and groups to players
who are at risk of churn.
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