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a b s t r a c t

Online social networking has become one of the most important forms of today’s commu-
nication. While an online social network can be attractive for many socially interesting
features, its competitive edge will diminish if it is not able to keep pace with increasing
user activities. Deploying more servers is an intuitive way to make the system scale, but
for the best performance one needs to determine where best to put the data, whether rep-
lication is needed, and, if so, how. This paper is focused on replication; specifically, we pro-
pose S-CLONE, a socially-aware data replication scheme which can significantly improve a
social network’s efficiency by taking into account social relationships of its data. S-CLONE’s
performance is substantiated in our evaluation study.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

Evidenced by the success of Facebook, Twitter, and oth-
ers alike, online social networks (OSNs) have become ubiq-
uitous, offering novel ways for people to access information
and communicate with each other. Nielsen recently pub-
lished stats [1] showing that three of the world’s top 10
popular brands online are social-media related and, for
the first time ever, social network or blog sites are visited
by 75% of global consumers who go online. Among mobile
users, social networking would surpass voice as the most
popular form of mobile communication by 2015, according
to Airwide Solutions [2].

The increasing popularity of social networking is unde-
niable, and so scalability is an important issue for any OSN
that wants to serve a large number of users. A typical way
to cope with scalability is adding servers, as it results in ex-
panded storage capacity as well as lower server traffic. In a
distributed storage system, where the data is partitioned
across a number of servers, the data can also be replicated
to provide a high degree of availability in case of failures.
This paper considers the aspect of data replication for
OSNs, with the following motivations:
. All rights reserved.
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� While data partitioning and replication is a well-known
problem in the literature of distributed database sys-
tems [3–9], OSNs represent a novel class of data sys-
tems. In an OSN, a data read for a user often requires
fetching the data of her neighbors in the social graph
(e.g., friends’ status messages in Facebook or connec-
tions’ updates in LinkedIn). This social locality should
be taken into account when determining which servers
to store these data so that, given a read query, all of its
relevant data can be returned quickly and efficiently.
The concept of social locality does not exist in conven-
tional storage systems.
� The importance of social locality in data storage for OSNs

has been substantiated in earlier work [10,11]. It is sug-
gested that efficiency can be improved by reducing the
number of servers required to answer each read query,
and, therefore, the data of socially connected users
should be located on the same server if at all possible.
This preservation of social locality, unfortunately, does
not hold for today’s OSNs which rely on DHT to partition
the data across the servers [12]. For the best efficiency, an
ideal replication scheme designed for such a data parti-
tion should be socially-aware, meaning that it should
try to preserve social locality in replicating the data.

Our problem is to devise a socially-aware replication
scheme that can run on top of any given data partition.

http://dx.doi.org/10.1016/j.comnet.2012.02.010
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OSNs of our interest are those that want a fixed budget for
the disk space and update cost required for replication.
Furthermore, although users are not equally active in the
network, we want the same degree of data availability
for every user so that everyone has an equal chance to suc-
cessfully access her data under any failure condition. In the
context of our problem, the number of replicas therefore is
identical for every user. We propose a replication scheme
called S-CLONE as the solution to this problem. The effi-
ciency and performance of S-CLONE are substantiated in
our evaluation study.

The remainder of this paper is structured as follows. We
discuss the related work in Section 2. We define the prob-
lem formally in Section 3. The details of S-CLONE are pre-
sented in Section 4. The evaluation results are reported in
Section 5. The paper is concluded in Section 6.
1 http://diasporafoundation.org/.
2. Related work

There are two main approaches to improving a data sys-
tem’s scalability: vertical scaling and horizontal scaling.
While vertical scaling scales ‘‘up’’ the system by adding
more hardware resources to the existing servers, horizon-
tal scaling scales ‘‘out’’ the system instead, by adding com-
modity servers and partitioning the workload across these
servers. Vertical scaling is simple to manage, but horizontal
scaling is more cost-effective and avoids the single-point-
of-failure and bottleneck problems. The latter has been a
de facto standard when it comes to managing data at mas-
sive scale for many OSNs today.

The most prominent distributed storage scheme for
OSNs is Cassandra [12] which is based on horizontal scal-
ing. Cassandra, originally deployed for Facebook to en-
hance its Inbox Search feature, has been used by other
OSNs such as Twitter, Digg, and Reddit. While there exist
well-known distributed file and relational database sys-
tems such as Ficus [5], Coda [6], GFS [7], Farsite [8], and
Bayou [9], these systems do not scale with high read/write
rates which is the case for OSNs. Cassandra’s purpose is to
be able to run on top of an infrastructure of many com-
modity storage hosts (possibly spread across different data
centers), with high write throughput without sacrificing
read efficiency.

Cassandra is a key-value store resembling a combina-
tion of a BigTable data model [13] running on an Amazon’s
Dynamo-like infrastructure [14]. The data partitioning
scheme underlying both Cassandra and Dynamo is based
on consistent hashing [15], using an order-preserving
DHT. The idea is to organize the servers as nodes in a circu-
lar space, called a ring, where each server is given a ran-
dom value in this space representing its position on the
ring. Each data item, identified by a key, is assigned to a
coordinator node by hashing this key to yield its position
on the ring, and then walking the ring clockwise to find
the first node right after the item’s position. Thus, each
node becomes responsible for the data items hashed to
the region in the ring between it and its predecessor node.
A read query or a write query of a user is always sent to its
coordinator node. For replication, Cassandra allows the
application to choose its replication policy on top of the
data partition. One policy provided by Cassandra is to rep-
licate each data item on the successor nodes of its coordi-
nator node on the ring. Other policies are also provided
taking into account the load balancing across the servers
within a data center, as well as across multiple data
centers.

The drawback of DHT is that hashing data to random
servers does not preserve social locality. Data queries in
OSNs are usually light-load and it has recently been
shown in [11] that network I/O can substantially be im-
proved at the server side by keeping all of the relevant
data of each query local to the same server. The objective
of [11] is to maintain social locality perfectly, i.e., every
two neighbor users must have their data co-located,
which may result in some users having more replicas
than the disk space can afford. In contrast, we attempt
to preserve social locality under a fixed space budget for
replication. In our case, there may be two neighbor users
having data stored on different servers, but we try to
avoid this case if possible. We also aim to provide every
user with equal chance to successfully access data under
any failure condition.

It is noted that besides mainstream online social net-
works such as Facebook and LinkedIn, there are efforts to
design an OSN as a decentralized system, such as Dias-
pora,1 where a user is free to choose its own hosting server.
Decentralization not only addresses the DDoS security prob-
lem but also provides more privacy and freedom to the
users. The research in this paper is not directly applicable
to this interesting direction. However, our proposed concept
of social locality in replication can be useful to designing a
replication scheme for such decentralized OSNs.
3. Problem formulation

We consider an online social network of N user nodes
whose data is distributed across a set of M servers. The
data of our interest is the data belonging to each user that
must be downloaded by default when she spends time on-
line in the network. For example, in the case of Facebook,
where a user’s data includes her profile information, wall
messages, links, pictures, and video clips, we are interested
in the messages which must be displayed by default on the
user screen; these messages, consequently, are the type of
contents most frequently downloaded from the servers.
The contents such as pictures and video clips are down-
loaded much less often and only on demand; hence, not
our focus in this paper.

We assume an existing partition of the N users’ data to
the M servers, which is represented by a boolean notation
pis where pis = 1 if and only if user i’s data is stored at server
s, and

PM
s¼1pis ¼ 1 8 i. In our replication problem, we need

to find an efficient way to store K replicas for each user’s
data on the M servers (K < M). The value for K is chosen
depending on the replication budget of the system and
its desired availability. We use a boolean notation, xis, to
represent the replica assignment, where xis = 1 if and only
if user i’s data is replicated at server s.

http://diasporafoundation.org/
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We consider two types of data queries sent from the
user side to the server side: read and write. A read for a
user requires to retrieve its data and the data of every
neighbor (‘‘neighbor’’ as it means a ‘‘friend’’ in Facebook,
a ‘‘connection’’ in LinkedIn, or a ‘‘followee’’ in Twitter). A
write query requires updates on both the primary data
and the replicas. Reads and writes are always directed to
their corresponding primary server first (i.e., the server
that stores the primary data).

Denote the adjacency of two nodes i and j in the social
graph by a boolean notation eij, equal to 1 if and only if i
and j are neighbors (here we assume an undirected social
graph for simplicity of presentation, though the directed
case can be addressed similarly). We define the cost of a
read query for a user i to be the number of servers required
to retrieve the data of user i and that of every neighbor of i.
To retrieve user i’s data, the query is sent to its primary ser-
ver, say server s (i.e., pis = 1), incurring a cost of 1. For each
neighbor j (i.e., eij = 1), there are three cases:

� Case 1 – The primary copy of user j’s data is co-located
with user i’s primary data (i.e., pjs = 1): stay on the same
server s to read user j’s data; hence, no additional cost.
� Case 2 – A replica copy of user j’s data is co-located with

user i’s primary data (i.e., xjs = 1): stay on the same ser-
ver s to read user j’s data; hence, no additional cost.
� Neither Case 1 nor Case 2 – Go to a different server that

is the primary server of user j to read its data; hence, an
additional cost of 1.

Therefore, a read query by user i incurs the following
cost

cðiÞ ¼ 1þ
XN

j¼1

eij

XM

s¼1

pisð1� pjsÞð1� xjsÞ ð1Þ

The cost of a write query by user i is always K + 1, be-
cause K + 1 servers need to update the data for i. Since this
cost is fixed, we measure the efficiency of a replication
scheme to be only in terms of the read cost for an average
user,

C ¼ average
i

cðiÞ ð2Þ

¼ 1
N

XN

i¼1

1þ
XN

j¼1

eij

XM

s¼1

pisð1� pjsÞð1� xjsÞ
 !

ð3Þ

The average read cost of the original data storage
scheme without replication, by setting xjs = 0 for every j
and s, is

C0 ¼
1
N

XN

i¼1

1þ
XN

j¼1

eij

XM

s¼1

pisð1� pjsÞ
 !

Thus, by replication, we achieve the following read cost
reduction

E ¼ C0 � C ¼ 1
N

XN

i¼1

XN

j¼1

XM

s¼1

eijpisð1� pjsÞxjs ð4Þ

For the best replication efficiency, we need to maximize
this reduction. This problem can be modeled as the follow-
ing binary integer programming (BIP) problem:
maximize
x

1
N

PN
i¼1

PN
j¼1

PM
s¼1

eijpisð1� pjsÞxjs

subject to ð1Þ
PM
s¼1

xis ¼ K; for 1 6 i 6 N

ð2Þ xis þ pis 6 1; for 1 6 i 6 N; 1 6 s 6 M

The first constraint is obvious (there are K replicas for
each user’s data), and the second constraint ensures that
a replica and its primary cannot be stored on the same
server.

BIP is known to be NP-hard and, therefore, one may not
be able to find an optimal solution. In searching for a heu-
ristic solution resulting in good replication efficiency, we
are interested in one that also provides good load balanc-
ing of storage and write load across the servers. This load
for a server is proportional to the amount of data, primary
or replicated, stored in this server, and therefore can be
represented by

lðsÞ ¼
XN

i¼1

ðpis þ xisÞ ð5Þ

Our proposed replication technique, S-CLONE, is
devised aiming at a good replication efficiency as the pri-
mary objective, while also trying to balance the server load
(defined in Eq. 5) as the secondary objective.
4. S-CLONE

S-CLONE is based on an intuition that if we need to
place a replica copy for a user i somewhere, the most desir-
able location should be the primary server of most neigh-
bors of i; this way, most neighbors will benefit from this
replica when they issue a read query. Below, we present
the algorithmic details of S-CLONE first for the static case
where we need to replicate the data for a fixed social
graph, and then for the dynamic case in which we need
to make this replication adapt to changes in the social
graph.

4.1. Static case

In the static case, we are given a fixed social data graph
and need to replicate its user data which have been parti-
tioned across the servers. This case applies to an existing
storage system that needs to apply S-CLONE or to a social
network in its early stage where the network size is con-
sidered small.

The proposed replication procedure consists of two
phases:

1. Replicate phase: The procedure starts in this phase. It
works in a greedy manner, sequentially considering a
node at a time and finding the best way to replicate
its data. Suppose that the nodes are processed in the
order {1, 2, . . . , N}. For each node i (initially node 1) that
has not been processed (i.e., all the nodes 1, 2, . . . , i � 1
have been processed), the K replicas are assigned to
their corresponding servers as follows. First, the loca-
tion histogram below is computed for i



Fig. 1. Given social graph and its primary partition (M = 3, K = 1).

2004 D.A. Tran et al. / Computer Networks 56 (2012) 2001–2013
hiðsÞ ¼
XN

j¼1

eijpjs ð6Þ

where hi(s) is the number of i’s neighbor nodes who are
primarily stored at server s. Then, the top K servers
(with highest hi values) are chosen to each store a rep-
lica for user i. If there is a tie, the server with the least
load (Eq. 5) is preferred. A special case occurs where
there are not enough K servers in the histogram; in this
case, the remaining replicas for node i will be placed in
the Adjust phase below.

2. Adjust phase: The goal of this phase is to find the servers
for the remaining replicas that cannot be placed due to
the special case aforementioned above. Because the
read cost is the same no matter where we store these
replicas, their locations are chosen to maximize load
balancing. The best way to do this is to process each
remaining replica one by one and place it on the server
that currently has the least load.

After the K replicas of i have been placed, the algorithm
will process the next user, node (i + 1). Note that in
choosing the K servers to replicate the data for a user,
we do not consider its primary server because it makes
no sense to put a replica and its primary on the same ser-
ver. Also, as only the location information of the primary
copies is used to determine where to replicate a user,
the order to process the users does not have impact on
the final replica placement. This is a desirable property
because there may be different structures to represent a
social graph and S-CLONE can work with any structure
unbiasedly.

As an example, we compare S-CLONE to the random
replication approach when they are applied to a 10-node
social graph shown in Fig. 1a. We assume an existing par-
tition of users across three servers, A, B, and C (Fig. 1b) and
want to have one replica for each user (K = 1). Fig. 2a shows
the result of using a random replication algorithm on top of
this partition, whereas Fig. 2b shows the result of running
S-CLONE in which the order of visiting the users is random
(4–1–3–2–10–5–9–6–8–7). Starting with user 4, server A is
the primary server for two neighbor users of 4 and server B
is the primary server for only one neighbor. Therefore, ser-
ver A is chosen to replicate user 4. The remaining users are
replicated similarly. In the case of user 8, servers A and C
each serve as primary server for three neighbors of 8, but
to break the tie, server C is chosen to replicate 8 because
it has so far stored fewer copies (6 copies, compared to 7
of server A). For a similar reason, user 7 is replicated on
Server B but not server C. Table 1 summarizes the cost to
read the data for each of the ten users, showing a notice-
able improvement of S-CLONE over random replication
(24% better).
Fig. 2. S-CLONE vs. random replication.
4.2. Handling dynamics

OSNs are highly dynamic with frequent user member-
ship and link changes. The set of storage servers may
change as well, with new servers added or existing servers



Table 1
S-CLONE vs. random replication: read cost of each user.

Method User Total

1 2 3 4 5 6 7 8 9 10

Random 2 3 1 2 3 2 4 4 2 2 25
S-CLONE 3 1 1 3 2 1 2 3 1 2 19
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removed. S-CLONE includes mechanisms to deal with these
dynamics.

4.2.1. Add or remove a user
When a new user is added to the network, firstly a

primary server must be assigned to this user. This decision
is made by the underlying partitioning scheme (e.g.,
Cassandra, using DHT to hash the node to a server). If there
is an option for S-CLONE to make this decision, it is pro-
posed that the data for the new node is stored at the server
with the least load, smin = args min l(s). Since the new user
has no neighbor yet, its K replicas will be stored on the K
least loaded servers, excluding smin.

When a user node is removed, its primary data and rep-
licas are removed as well. For each neighbor i of this node,
the location histogram hi is recomputed to update the top K
servers for user i. The purpose of doing so is to best pre-
serve the social locality of the data. If there is no server
change, nothing needs to be done. Else, for each server s
that is newly inserted in the top-K list in place of a server
t, all the replicas of i will be migrated from server t to ser-
ver s.

4.2.2. Add or remove a social link
Suppose that a link is added between user i and user j;

i.e., eij becomes 1. According to Eq. 4, the efficiency of the
replication scheme will be improved by

Enew � E ¼ 1
N

XM

s¼1

pisð1� pjsÞxjs þ
XM

s¼1

pjsð1� pisÞxis

 !

6
1
N

XM

s¼1

pis þ
XM

s¼1

pjs

 !
¼ 1

N
ð1þ 1Þ ¼ 2=N

Since N is large, this difference is small. Consequently,
because the replicas of a new joining node, initially, are
randomly placed, if the algorithm does nothing in the case
of adding a link, there will be no significant efficiency
improvement as the network keeps growing.

On the other hand, if there exists a link between user i
and its neighbor user j and this link is now removed; i.e.,
eij becomes 0, the efficiency of the replication scheme will
be reduced by

1
N

XM

s¼1

pisð1� pjsÞxjs þ
XM

s¼1

pjsð1� pisÞxis

 !

Therefore, in S-CLONE, when a link is introduced or re-
moved, we need to recompute the location histogram for
both of the end nodes. The corresponding top-K server lists
are updated accordingly. For each user, if there is any rep-
lica server change, all the replicas for this user will be mi-
grated from the old server to the new server.
4.2.3. Adding a server
If the OSN keeps growing, a new server snew will eventu-

ally be added. The decision as to which primary data
(users) are assigned to the new server is made by the
underlying partitioning scheme. As a result, there are only
two cases:

� Only new users are assigned to snew as their primary ser-
ver and no change on the existing users’ data: In this
case, the creation of replicas will be the same as that
results from a sequence of adding new nodes and new
links explained above.
� Some existing users are assigned to snew as their new

primary server: Suppose that a user i, whose current
primary server is s, is now assigned to snew. The replica
locations of i will remain unchanged, but for each
neighbor node j (of i) that has a replica at server s, the
location histogram of node j will need to be recomputed
(because i has been removed), its top-K server list
updated accordingly (replicas may be migrated as a
result).

4.2.4. Removing a server
When a server is removed, all the primary data and rep-

licas stored on this server are removed. The primary data
can be reconstructed from their replicas and the underly-
ing partitioning scheme will decide where the recon-
structed primary data are placed among the remaining
servers. There are two remaining tasks that need to be
done:

� For each user whose primary data is re-assigned to a
remaining server where its replica already resides, this
replica needs to be migrated to a different server.
� For each user that has a replica on the removed server, a

new replica needs to be introduced and assigned to a
remaining server.

In either case, the user in question, say user i, finds the
replica location based on the location histogram: the cho-
sen server will be the one with maximum hi value that
does not currently store a replica for i.
5. Evaluation

Facebook is the largest online social network to date,
with more than 800 million users worldwide. We used
the dataset made available by Max-Planck Software Insti-
tute for Software Systems, which contains a Facebook net-
work sample of over 60 K users in New Orleans region [16].
In addition to this Facebook network, we created a syn-
thetic social graph consisting of 100,000 nodes using the
well-known Barabasi-Albert (BA) model [17]. This model
does not represent any specific social network in the real
world but instead it is one of the most popular models used
to generate synthetic social network graphs. Table 2 sum-
marizes some properties of these two networks.

We evaluated S-CLONE on top of three partitioning
schemes applied to the social graph: (1) Random partition-
ing: a DHT-based key-value scheme a la Cassandra, to



Table 2
Social networks in evaluation.

Num. nodes Num. links Avg. degree

Facebook graph 63,392 816,886 25.7
BA graph 100,000 464,242 9.3
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randomly assign each user to a server; (2) Modularity opti-
mization (MO) based partitioning: a scheme that uses a
popular MO algorithm in [18] to detect communities in
the network and assigns all the users belong to each com-
munity to a unique server; and (3) KMETIS partitioning: a
METIS partition scheme [19] that uses K-way partitioning
to divide a graph into K equal-sized partitions. The key
difference between KMETIS and MO-based techniques is
that not only does KMETIS preserve social locality, it is also
aimed at distributing the load fairly across the servers. In
contrast, MO often results in partitions with skewed size
distribution because it attemps to maximize the modular-
ity without considering partition size.

We compared S-CLONE with random replication. The
latter scheme, putting the replicas for each user on random
servers, is used widely in OSNs. In our evaluation, the num-
ber of storage servers M varies in the range [4, 128], and
the number of replicas K in [1, M � 1]. The data collected
for our analysis include read cost per user (Eq. 2), server
load (Eq. 5), and in addition to these data, for the dynamic
case, the cost to migrate replicas to adapt to changes in the
social network.
Fig. 3. Static case: replication efficiency in terms of
5.1. Static case

In this study, the social graph is fixed. The results of our
comparison in terms of replication efficiency and load bal-
ancing are discussed below.
5.1.1. Replication efficiency
First, we discuss the result for the Facebook graph case

using random partitioning to assign user data across the
servers. As seen in Fig. 3, without any replication, an aver-
age read cost is about 20 server reads per user when the
number of servers is four. This cost increases slowly as
more servers are deployed, to a cost of about 27 when
there are 128 servers. The read cost improves with replica-
tion. However, while the improvement of random replica-
tion is linear as more replicas are stored, that of S-CLONE
offers a more interesting pattern. With S-CLONE, the cost
reduction rate is high with early increases in the number
of replicas but much slower after there is a certain number
of them per user node. For example, in the case M = 128
(Fig. 3c), the read cost of S-CLONE reduces quickly from
25 to 5 as K increases from 1 to 37, but afterwards the de-
crease rate is slow (read cost from 5 to 1) with no signifi-
cant improvement as K exceeds 73 (where the read cost
stays between 1 and 2).

Comparing S-CLONE to random replication in terms of
efficiency, S-CLONE is the obvious superior, especially
when more servers are deployed. Another observation is
that, for each given M, there is a value for K that maximizes
read cost (Facebook graph, random partition).



Fig. 4. Static case: replication efficiency in terms of read cost (Facebook graph, MO-based partition).

Fig. 5. Static case: replication efficiency in term of read cost (Facebook graph, KMETIS partition).
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Fig. 6. Static case: replication efficiency in terms of read cost (BA graph, random partition).

Fig. 7. Static case: replication efficiency in terms of read cost (BA graph, MO-based partition).
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Fig. 8. Static case: replication efficiency in term of read cost (BA graph, KMETIS partition).

Fig. 9. Static case: efficiency improvement of S-CLONE over random replication.
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Fig. 10. Static case: load balancing in terms of coefficient of variation.
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the efficiency gap between S-CLONE and random replica-
tion. For example, in the case M = 64 (Fig. 3c), this value
is K = 25. The gap is narrower as K is approaching 1 or
M � 1. This is understandable because in these two ex-
treme cases there is no substantial difference in the replica
placement using either scheme.

Figs. 4 and 5 show the replication efficiency in the Face-
book case where MO-based partitioning and KMETIS parti-
tioning are used, respectively, instead of random
partitioning. Our purpose for evaluating with MO-based
partitioning and KMETIS is to see how the replication
schemes compare in the case the partition itself does already
preserve some degree of social locality. Here, we present the
result for M up to 32 servers. This is so because for M > 32 the
MO-based algorithm when applied to our Facebook dataset
results in a very skewed partition: the entire user population
is dominated by a few communities while the remaining
communities (too many) are tiny (less than 5 users per com-
munity). This would result in a few servers storing most
users of the social network and the remaining servers, too
many of them if M > 32, would each store just a few users;
this does not make sense in practice.

As seen in Fig. 4, without replication, MO-based parti-
tioning incurs a read cost of six servers per user, which is
more than four times less than the cost incurred if ran-
dom partitioning is used. This shows the importance of
preserving social locality in data storage for social net-
works. When replication is allowed, we, again, see that
the efficiency gain of S-CLONE is substantially better than
that of random replication. Even with just one replica per
user, S-CLONE incurs a read cost of 2.2 while random
replication incurs a cost of 4.6 (more than twice as expen-
sive). As another example, in order to achieve a read cost
of 1, S-CLONE requires just 3 replicas per user (i.e., K = 3)
but random replication requires 7 replicas, 15 replicas,
and 31 replicas per user in the cases M = 8, M = 16, and
M = 32, respectively. The superior of S-CLONE to random
replication is similarly observed with KMETIS (Fig. 5). It
is thus important that we should take social locality into
account not only when we store the primary data, but
also when we replicate it.

Similar results regarding the efficiency of S-CLONE and
random replication are also observed with the synthetic
BA social graph, whether random partitioning is used
(Fig. 6), or MO-based partitioning (Fig. 7), or KMETIS
partitioning (Fig. 8). Fig. 9 provide a summary of the effi-
ciency improvement of S-CLONE over random replication,
plotting a measure called ‘‘improvement ratio’’ which
is the ratio of the read cost of S-CLONE to that of
random replication for all six cases: Facebook graph or
synthetic graph, with random partition or MO-partition
or KMETIS partition. Except for the extreme cases, K = 1
and K = (M � 1) where both replication schemes are
comparable, the improvement ratio ranges from 0.2 (cost
of S-CLONE is 20% of random replication) to 0.8 (cost of
S-CLONE is 80% of random replication) depending on the
value of K.

5.1.2. Load balancing
To quantify load balancing, we compute the coefficient

of variation (CV) of the server load (defined in Eq. 5), whose
results are summarized in Fig. 10 for both data sets
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(Facebook and synthetic BA) and types of partition (ran-
dom and MO-based and KMETIS). The MO case results in
high-variance load distribution, which is expected. In the
other partition cases (random and KMETIS), the CV of S-
CLONE is less than 0.5, indicating a low variance. Especially
in the case of Facebook dataset, the server load is well-
balanced (CV � 0). This can be explained. In the Facebook
dataset, the percentage of users with degree 1 is signifi-
cantly high (more than 12%) compared to other groups of
degree. For example, the percentage of users with more
than 100 connections in our Facebook dataset is less
than 0.5%. This is understandable because online social
networks have been shown to follow a power-law degree
distribution. Consequently, the Adjust phase of S-CLONE
(discussed in Section 4.1) is heavily executed, resulting in
excellent balancing. Furthermore, as more replication is
Fig. 11. Dynamic case: average migrati
allowed (i.e., larger K), the CV decreases quickly, approach-
ing a small value roughly the same for all three types of
partition. The Adjust phase is triggered more frequently
because the number of users with degree less than K
increases. Our conclusion is that S-CLONE works best over
KMETIS partition with the benefit of both worlds: good
replication efficiency by preserving social locality and
well-balanced server load because of equi-size partition.
However, if load balancing is not a concern, MO is the best
choice because we can achieve near perfect social locality.

5.2. Dynamic case

To simulate the dynamic case, we start with the original
graph (Facebook or synthetic BA) and apply a sequence of
3000 random dynamic events: 1000 link additions, 1000
on cost of 3000 dynamic events.
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link removals, and 1000 node removals. The objective of
our evaluation in the dynamic case is to assess the migra-
tion cost incurred from adapting to changes in the social
graph, the consistency of S-CLONE’s superiority to random
replication after many dynamic events, and their impact on
load balancing. The results, plotted in Fig. 11 and discussed
below.

5.2.1. Migration cost
Replica migration may happen as a result of changes in

the social graph. Since we want to preserve the social local-
ity of the data, this property will weaken over time if rep-
licas stay unmoved. On the other hand, if replica migration
happens too often, it results in significant overhead for the
system due to communication and processing costs in-
volved. Therefore, a desirable replication scheme should
keep the replica migration cost as low as possible.

The average migration cost, i.e., number of replicas
moved from one server to another, per event for S-CLONE
is plotted in Fig. 11a and b for cases M = 8 and M = 32,
respectively. The results for all six simulation configura-
tions are shown: Facebook graph with random partition,
Facebook graph with MO-based partition, Facebook graph
with KMETIS partition, BA graph with random partition,
BA graph with MO-based partition, and BA graph with
KMETIS partition. It is observed that there exists a special
value of K where the migration cost is peak. This is under-
standable because when K is closer to the two extreme val-
ues (1 and M � 1), there are not many replicas to move
(very small K) nor much flexibility where replicas can be
moved (very large K). It is also noticeable that it is less
expensive for S-CLONE to adapt to social graph dynamics
if the underlying partition is more balanced (random par-
tition is more balanced than KMETIS which in turn is more
balanced than MO partition).

In all cases, the migration cost per event is small. When
there are M = 8 servers, S-CLONE incurs less than 0.5 repli-
cas that need migrating (Fig. 11a). When the number of
servers increases to M = 32 (Fig. 11b), the migration cost
does not exceed 3.2 (migrated replicas). It is consequently
evident that S-CLONE is highly efficient when adapting to
changes in the social graph.

5.2.2. Consistency of replication efficiency
To measure the consistency of S-CLONE’s superiority to

random replication in terms of replication efficiency, we
compute a measure called ‘‘after/below ratio’’ which is
the ratio a/b where a is the improvement ratio of S-CLONE
over random replication after the 3000 dynamic events
and b is this ratio before these events. The result is plotted
in Fig. 11c and d for cases M = 8 and M = 32, respectively.
For all cases of social graphs (Facebook or BA graph) and
types of partition (random or MO-based or KMETIS), the
after/below ratio is consistently close to 1 with a variation
less than 2%. This study implies that S-CLONE remains con-
stantly superior to random replication despite many
changes in the social graph, regardless of the number of
servers deployed (M) or the number of replicas required
(K). S-CLONE addresses the network dynamics better than
random replication especially when the data partition does
not preserve social locality (shown by the curves of the
random partition case, which have the after/before ratio
less than 1).

5.2.3. Impact on load balancing
To measure the impact of dynamic events on S-CLONE’s

load balancing we compute the difference between the
coefficient of variation (CV) of the server load after the
events and that before the events. As discussed earlier in
Section 5.1.2, S-CLONE results in good load balancing in
the static case (CV is less than 0.17). Despite a sequence
of 3000 dynamic events, the CV differs only slightly, by
no more than 0.05 for M = 8 (Fig. 11e) or M = 32
(Fig. 11f), regardless of K’s value. The CV change does not
seem affected if M is increased from 8 to 32, suggesting
that S-CLONE remains well-balanced also regardless of
the number of servers. This study confirms our expectation
that S-CLONE’s performance in terms of load balancing is
stable under social network dynamics.
6. Conclusions

Social locality is a property that should be preserved in
the data storage of any OSNs in order to improve their read
efficiency. For OSNs that already employ a data partition
structure, but whose data need to be replicated, we can in-
crease the extent of social locality during the replication
procedure. In this paper, we have proposed S-CLONE, a so-
cially-aware replication scheme that while replicating data
attempts to put those socially connected into the same ser-
ver as much as possible. Compared to random replication
which is a de facto approach for today’s most OSNs, S-
CLONE has been shown in our evaluation to be more effi-
cient by a substantial margin. S-CLONE also results in good
balancing of storage and write loads across the servers,
and, when there are changes in the social graph, S-CLONE
can adapt to these changes dynamically, yet still retaining
its high efficiency and balanced load. To date, S-CLONE is
the only socially-aware replication scheme applicable to
OSNs that require equal data availability for every user.
Our work can be extended in several ways. For example,
we can consider weighted links in the social graph and het-
erogeneous query rates in the user activity. It is also inter-
esting to investigate how social locality can be integrated
in erasure codes to improve efficiency.
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