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Introduction 
 

Online social gaming has become increasingly popular, with applications on Facebook 
growing at viral rates unheard of in the gaming industry. With more than 200 million people 
playing social games every month, this industry is one of the fastest growing tech sectors, having 
only come into being fairly recently. In order to better understand the growth of these games and 
the interactions that occur within them, we analyze the data generated by the What To Wear 
Facebook application. The What to Wear application is an online social game in which players 
create virtual outfits to submit to daily competitions that need to match a certain theme. These 
outfits are voted on by the contestants who interact with each other by commenting on and 
judging each other’s outfits. The items for these outfits are bought through real-life money or in-
game credits, which are collected by participating in competitions and judging other outfits. The 
game has an active membership of approximately 30,000 players each month who interact with 
each other and participate in the daily contests. 
 

The data given by Turiya Media that we analyze includes player attributes, competition 
histories, logs of game events, information about the virtual items, transactions with real money 
and credits, and various other relations between the aspects of the game. However, we would like 
to mention that data was sparse for many of the attributes thus limiting our analysis. We studied 
the network between players and how the aspects of the game affect their interactions in various 
ways. The data can be represented as a graph by creating nodes for each player and an edge 
between players when one interacts with another. Interaction in this case refers to a player 
judging another player’s outfit. We then define communities within the network to be densely 
connected subgraphs of the larger network. (something on community detection) 
 
Network Generation and Structure Analysis 
 

We used the w2w_outfit_review table for generating a network of the player interactions. 
Each row entry in this table corresponds to a review provided by one player for another player’s 
outfit. A review can comprise of a rating (given in stars) and/or comments. For the purpose of 
graph generation we considered all interactions that have occurred till date. This resulted in a 
network of around 90000 nodes and nearly 1.25 million edges (confirm numbers) 
 
Node Degree Distribution: 
 

One of the key network structure attributes we analyzed was the degree distribution. Most 
social networks have a power law distribution in terms of the interactions between the entities of 
the network. This occurs primarily because they are always some nodes that are exponentially 
more active than the average node of the network. As anticipated, when we built an undirected 
graph of outfit reviews, we could observe the same power law distribution.  

 



We also constructed a directed graph from the above mentioned table such that if player 
A reviewed player B’s outfit there was a directed edge from node A to node B. We were able to 
observe an identical power law distribution for both the in-degrees as well as the out-degrees. 
Nodes with high in-degrees are indicative of those players who participate in several  

 
 

 
 

competitions or have popular avatars and hence receive several reviews. We classify such nodes 
as ‘designers’ since they mainly participate in the game by developing their outfits. Nodes with 



high out-degrees correspond to those players who spend a substantial amount of their time on the 
game reviewing other player’s outfits. We classify such nodes as ‘Critics’.  

 
Designers are more conscious of the outfits they are making and hence are more likely to 

spend credits in order to acquire new things to decorate their avatars with. Critics on the other 
hand will be more inclined on sharing their opinions and hence can be implicitly used as 
advertisers for new items available in the ‘gift shop’. However if might be possible that players 
are both ‘Designers’ as well as ‘Critics’. Hence it is necessary to understand the extent of overlap 
between these two groups. In order to study this aspect of the network we created two separate 
lists of players, such that in one the players were sorted in descending order of in-degree and in 
the other the players were sorted in descending order of out-degree. Then for a given set of top k 
players in each list we determined the overlap percentage as follows: 

 

 
 
It was interesting to find the overlap percentage was low and the two groups are 

relatively distinct. Infact when we considered the top ten designers and the top 10 critics, the 
intersection of these two sets resulted in only one player. Moreover, given that the in-degree and 
out-degree distribution obey the power-law, suggests that a large portion of reviews are 
generated by a small number of players who are predominantly critics. Likewise a large number 
of outfits are generated by a small group of players who are predominantly designers. Hence for 
maximizing revenue we need to target the ‘designers’ but for maximizing virality we need to 
target the ‘critics’.   

 

 
 
 
 



Page Rank & Hits 
 
 The Page Rank algorithm gives higher weights to pages that have more incoming links 
from other web pages that themselves have high page-ranks. This concept could easily be 
extended to this graph. By applying the page-rank algorithm we identify those players in the 
graphs that receive more reviews. Moreover, because the page-rank algorithm also considers the 
weight of the node itself, players receiving reviews from other players who themselves receive 
large number of reviews are automatically given higher page-ranks than players who get reviews 
from random players but have large number of them. Thus page-rank intrinsically gives a higher 
qualitative score to edges between players that actively participate in the game itself. The page 
rank scores of the players also follow a power-law distribution. Moreover as seen in the graph 
below, page-ranks of nodes correspond more closely with their in-degree rather than their out-
degree. This validates the hypothesis that page-rank helps us identify those players whose outfits 
receive more reviews.  

 

 
 

As established in the earlier discussion, the players of what to wear can be classified as 
‘designers’ or ‘critics’. This fact allows us to extend the Hits algorithm to the W2W network. 
Thus critics can now be considered as authorities since they review several outfits and hence 
have many outgoing edges while designers can be considered as hubs since their outfits are 
reviewed and hence they have many incoming edges. The hits algorithm up-weights those hubs 
that have incoming edges from better authorities and it also up-weights those authorities that 
have out going edges to better hubs. Thus the hub and authority scores are a more qualitative 
indicator of the ‘designer’ and ‘critic’ property respectively than just the in-degrees and out-
degrees 

 



 
 

 
 



Community Structure 
 
We implemented an algorithm for detecting community structure as described in Clauset, 

Newman and Moore’s “Finding community structure in very large networks.” The algorithm 
tries to gather nodes into groups so that there is a higher density of edges within groups than 
between them. It works by greedily attempting to optimize the modularity of the partitions of the 
graph, where modularity is a measure of how good a division of the network is as defined here, 
where k is the degree of the node, m is the number of edges in the graph, c is the community, and 
A is the adjacency matrix: 

 

 
 

Higher values of Q, the modularity, indicate better divisions of the network into 
communities, but finding the division with the highest modularity is a hard problem. Therefore 
this algorithm uses a greedy optimization to provide a reasonable solution. The straightforward 
method involves starting each node in a single community and repeatedly merging communities 
that provide the highest increase (or slightest decrease) in Q. The division with the highest 
modularity is then used as our community partitions. After applying the algorithm to our 
network of active users over a period of three months, we divided the network into 186 
communities with the following distribution: 
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jacency matrix of the network thus:

Avw =
!

1 if vertices v and w are connected,
0 otherwise. (1)

and suppose the vertices are divided into communities
such that vertex v belongs to community cv. Then the
fraction of edges that fall within communities, i.e., that
connect vertices that both lie in the same community, is

"
vw Avw!(cv, cw)"

vw Avw
=

1
2m

#

vw

Avw!(cv, cw), (2)

where the !-function !(i, j) is 1 if i = j and 0 otherwise,
and m = 1

2

"
vw Avw is the number of edges in the graph.

This quantity will be large for good divisions of the net-
work, in the sense of having many within-community
edges, but it is not, on its own, a good measure of com-
munity structure since it takes its largest value of 1 in
the trivial case where all vertices belong to a single com-
munity. However, if we subtract from it the expected
value of the same quantity in the case of a randomized
network, we do get a useful measure.

The degree kv of a vertex v is defined to be the number
of edges incident upon it:

kv =
#

w

Avw. (3)

The probability of an edge existing between vertices v
and w if connections are made at random but respecting
vertex degrees is kvkw/2m. We define the modularity Q
to be

Q =
1

2m

#

vw

$
Avw ! kvkw

2m

%
!(cv, cw). (4)

If the fraction of within-community edges is no di!erent
from what we would expect for the randomized network,
then this quantity will be zero. Nonzero values represent
deviations from randomness, and in practice it is found
that a value above about 0.3 is a good indicator of sig-
nificant community structure in a network.

If high values of the modularity correspond to good di-
visions of a network into communities, then one should be
able to find such good divisions by searching through the
possible candidates for ones with high modularity. While
finding the global maximum modularity over all possible
divisions seems hard in general, reasonably good solu-
tions can be found with approximate optimization tech-
niques. The algorithm proposed in [32] uses a greedy
optimization in which, starting with each vertex being
the sole member of a community of one, we repeatedly
join together the two communities whose amalgamation
produces the largest increase in Q. For a network of n
vertices, after n ! 1 such joins we are left with a single
community and the algorithm stops. The entire process
can be represented as a tree whose leaves are the ver-
tices of the original network and whose internal nodes

correspond to the joins. This dendrogram represents a
hierarchical decomposition of the network into commu-
nities at all levels.

The most straightforward implementation of this idea
(and the only one considered in [32]) involves storing the
adjacency matrix of the graph as an array of integers
and repeatedly merging pairs of rows and columns as
the corresponding communities are merged. For the case
of the sparse graphs that are of primary interest in the
field, however, this approach wastes a good deal of time
and memory space on the storage and merging of matrix
elements with value 0, which is the vast majority of the
adjacency matrix. The algorithm proposed in this paper
achieves speed (and memory e"ciency) by eliminating
these needless operations.

To simplify the description of our algorithm let us de-
fine the following two quantities:

eij =
1

2m

#

vw

Avw!(cv, i)!(cw, j), (5)

which is the fraction of edges that join vertices in com-
munity i to vertices in community j, and

ai =
1

2m

#

v

kv!(cv, i), (6)

which is the fraction of ends of edges that are attached
to vertices in community i. Then, writing !(cv, cw) ="

i !(cv, i)!(cw, i), we have, from Eq. (4)
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=
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(eii ! a2
i ). (7)

The operation of the algorithm involves finding the
changes in Q that would result from the amalgamation of
each pair of communities, choosing the largest of them,
and performing the corresponding amalgamation. One
way to envisage (and implement) this process is to think
of network as a multigraph, in which a whole community
is represented by a vertex, bundles of edges connect one
vertex to another, and edges internal to communities are
represented by self-edges. The adjacency matrix of this
multigraph has elementsA!

ij = 2meij, and the joining of
two communities i and j corresponds to replacing the
ith and jth rows and columns by their sum. In the algo-
rithm of [32] this operation is done explicitly on the entire
matrix, but if the adjacency matrix is sparse (which we
expect in the early stages of the process) the operation
can be carried out more e"ciently using data structures
for sparse matrices. Unfortunately, calculating #Qij and



The distribution follows a power law distribution, which makes sense intuitively because 
preferential attachment results in this distribution since a new user is more likely to join a larger 
community than a smaller one. We can also see that this network has a strong community 
structure, unlike the network for a Facebook game described in Nazir, Raza, and Chuah’s 
“Unveiling Facebook: A Measurement Study of Social Network Based Applications,” which 
seems to indicate that different games will have different community structures. Furthermore, we 
measured the number of countries the users of each community. 
 

 
 

We can see that there is a strong correlation between community size and geographical 
diversity; however, this also means that communities are not separated by country unless their 
size is very small. This indicates that communities consist of users in many diverse regions. In 
addition to geographical diversity, we examined other properties including the number of credits 
spent by users in each community. 
 



 
 

In the game, credits are used to buy new outfits and items, and can be earned by rating 
other outfits or participating in contests, or by paying for them. We found that the average 
number of credits spent, which can be an indication of user participation and involvement, 
correlates with the size of the community. This may indicate that as users become part of a larger 
community, they interact more with each other, or vice versa. This seems to also be evidenced by 
the average degree of a node when compared with community size. 

 

 
 



The degree distribution shows that users in larger communities tend to interact with other 
users more frequently than those in smaller ones. Users in smaller communities seem to interact 
with only a few friends, which in turn provides less incentive to participate further by spending 
more credits. 
 
Conclusion/Future Work 
 
 In our analysis of the network structure of the What to Wear application, we examined 
several properties of the network, including node degree distribution, page rank scores, and 
community distribution.  We were able to observe from the directed graph that active users tend 
to either spend time on creating outfits or reviewing others’ outfits.  The page rank analysis adds 
to this notion by correlating hubs and authorities with in and out degrees.  By clustering nodes 
into communities, we saw that larger communities are geographically diverse and that users from 
larger communities tend to be more active and spend more credits.  Unfortunately, much of the 
user statistics, including time played, credits purchased, and user activity was sparse or not 
stored at all, so we were not able to make any further analysis.  Our work can be extended further 
by analyzing these properties as well as by building predictive models to determine how user 
activity and retention might be affected by certain events.  Much of our analysis can be extended 
to other social applications to determine how users might be spending their time and how they 
behave. 
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