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Abstract The staggering growth of online social networking platforms has also pro-
pelled information sharing among users in the network. This has helped develop
the user-to-content link structure in addition to the already present user-to-user link
structure. These two data structures has provided us with a wealth of dataset that
can be exploited to develop a social search engine and significantly improve our
search for relevant information. Every user in a social networking platform has their
own unique view of the network. Given this, the aim of a social search engine is to
analyze the relationship shared between friends of an individual user and the infor-
mation shared to compute the most socially relevant result set for a search query.

In this work, we present InfoSearch: a social search engine. We focus on how we
can retrieve and rank information shared by the direct friend of a user in a social
search engine. We ask the question, within the boundary of only one hop in a so-
cial network topology, how can we rank the results shared by friends. We develop
InfoSearch over the Facebook platform to leverage information shared by users in
Facebook. We provide a comprehensive study of factors that may have a potential
impact on social search engine results. We identify six different ranking factors and
invite users to carry out search queries through InfoSearch. The ranking factors are:
‘diversity’, ‘degree’, ‘betweenness centrality’, ‘closeness centrality’, ‘clustering co-
efficient’ and ‘time’. In addition to the InfoSearch interface, we also conduct user
studies to analyze the impact of ranking factors on the social value of result sets.
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1 Introduction

Users in online social networks have surpassed hundreds of millions in number.
With this staggering growth in the network size, social network platforms like Face-
book and Twitter have introduced various software tools to engage users. In addition
to connecting and exchanging messages with friends on a regular basis, social net-
work platforms also provide a great place to share useful information. Consequently,
people have become very good at sharing the information that they value, support,
endorse and think their friends might benefit from. Users share their favorite web-
page(s) on current affairs, news, technology updates, programming, cooking, music
and so on by sharing Internet URLs with their friends through the social network
platform. Facebook has introduced ‘Like’, ‘Share’ and ‘Recommend’ buttons that
content providers of any website can include on their website to help visitors share
the URLs with their friends in a fast and easy way. Twitter has also introduced simi-
lar technologies to let users ‘Tweet’ the URL in addition to their personal comment
about the URL.

Fig. 1: Example of Information Sharing over Online Social Network (Facebook in
this example).

The simplicity and ubiquitousness of this technology has propelled the integra-
tion of the web graph with the social graph. The additional information present
in each individual’s personal network can be utilized to develop search engines that
include social context in information retrieval and ranking. In typical web search en-
gines, users are restricted to search for information from the global web and retrieve
results that are ranked relevant by a search engine’s algorithm. For example, web
search engines like Google, Yahoo! and Bing traditionally analyzes the information
present in the form of hyper-link structures to rank results during a typical query.
The intuitive justification for utilizing the hyperlink structure to rank web-pages is
based on the idea that one web-page links to another web-page to indicate usefulness
and relevance. During the process of crawling, indexing and ranking, each search
engine formulates result set(s) for a set of keyword that are unique in nature and are
identical to every user visiting the search engine. For example, when users search
for queries related to ‘programming’ or ‘cooking recipes’, search results are similar
in nature to every individual performing a query on the engine.

A search engine result set, however, can be significantly updated to incorporate
social context as a factor during the ranking process. The social context in retrieving
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results will allow users to identify results based on the way their friends have shared
and endorsed similar information. Each search query from a user will thus retrieve a
unique set of result. The exclusive nature of each result set will thus be based on the
large volume of information available in each individual user’s personal network.
The search process thus not only enables a user to access a set of information that
has a distinct social component attached to it but also to gain from the collective
knowledge of their respective social network. In other words, a search process is no
longer limited to retrieving a random piece of information from the Internet with
no trust value attached to it but extends to a retrieval process that includes a trusted
source, that is, their friends’ personal attachment or endorsement of that piece of
information. Providing search results exclusively from the personal network of users
creates a scope of unique challenges. How do we understand the relative importance
of one user to another user in the network? How do we rank individual users? What
are the primary factors that exemplify social relationship semantics?

The growth in the volume of shared information has also altered the way major
search engine providers like Google and Microsoft rank web-search results. In 2011,
the search engine companies introduced signals in their ranking algorithms to reflect
patterns of information share across the social graph [24, 39]. The primary efforts
are concentrated to introduce signals from social sharing to explore popularly shared
URLs and boost their corresponding rankings in a result set that continues to be
identical for all users with respect to a specific query.

Fig. 2: Screenshot of InfoSearch Application on Facebook: Results for the query
‘privacy’ appear for one of the authors.

In this work, we develop a search engine to demonstrate how user shared in-
formation can be exploited to deliver search results. Our work can be described in
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two parts. In the first part, we develop the social search engine system based on the
Facebook platform that leverages the information shared by users in Facebook. The
search engine is called InfoSearch and is available at https://apps.facebook.com/ in-
fosearch. In the second part of our work, we discuss key issues that influence result
ranking. We explore questions on how we can define the best result in a social con-
text. In the absence of ground truth data about the relationship shared between two
users (in real or online life), we investigate different ranking factors to analyze the
social relationship between two users and rank search results. We provide a compre-
hensive study of factors that impact social search engine results. The ranking factors
are based on an analysis of the structure of the social relationship between friends
of a given user: social diversity, three different measures of centrality: degree, be-
tweenness centrality and closeness centrality, a measure of clustering: clustering
coefficient and finally a factor based on the time property of a shared information.
We derive the social relationship between two users (friends) of a given user based
on the social group structure shared between them in the user’s individual social
network. We present results based on the impact of the above ranking factors in
retrieving information through user studies.

In section 2, we discuss related work. We formally describe the problem state-
ment related to social search in section 3 and follow up with a discussion of social
network relationship semantics in section 4. In section 5, we discuss the ranking fac-
tors and corresponding algorithms and section 6 describes the system development
process. Section 7 presents statistics on usage. In section 8, we present our findings
obtained through user studies and section 9 concludes with a discussion of future
research directions.

2 Related Work

We discuss related work in this section. First, we discuss work in the area of search
in social networks. Second, we discuss research related to the study of social rela-
tionship semantics. We primarily focus on research related to group and community
formation in social networks.

Several projects have looked into the area of search in social networks. The re-
search problems have broadly fallen into the following categories. First, the identity
or profile search problem in which social network information is used to connect and
subsequently search for users. Dodds et. al. [13] conducted a global social-search ex-
periment to connect 60,000 users to 18 target persons in 13 countries and validated
the claims of small-world theory. Adamic et. al. [1] conducted a similar project on
the email network inside an organization. More recently, Facebook has introduced
‘Graph Search’ [14] that aims to help user search for content linked by their friends.
Facebook defines a content as any object on the open graph api. Examples of ob-
ject in the open graph api include facebook-pages (e.g. a facebook account created
by a local business, musician, artist) , facebook-apps (e.g. social games), facebook
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groups (e.g. university course groups, athletic group), photos shared by its users and
geographic locations shared by the users.

In the second category, social networks have been leveraged to search for experts
in specific domains and find answer to user questions. Lappas et. al. [22] addressed
the problem of searching a set of users suitable to perform a job based on the infor-
mation available about user abilities and compatibility with other users. The work
in [10] attempted at automated FAQ generation based on message routing in a so-
cial network through users with knowledge in specific areas. Other works in similar
directions have also been presented, e.g. [9, 32]. Query models [2] based on social
network of users with different levels of expertize for the purpose of decentralized
search have also been developed. Horowitz et. al. [20] presented Aardvark, a social
network based system to route user questions into their extended network to users
most likely knowledgeable in the context of the question.

In the third category, social networks are considered to improve search result
relevancy. User connections are interpreted as a graph such that a user can be rep-
resented as a node and each friend connection can be treated as an edge between
two nodes. Haynes et. al. [19] studied the impact of social distance between users
to improve search result relevancy in a large social networking website, LinkedIn.
The author defined the social distance between users based on the tie structure of
the social graph and aims to provide improved relevance and order in profile iden-
tity entries. Link analysis algorithms, like PageRank [6, 8, 12], are also not suitable
for application since during the search process of an individual user, results from
members of their social circle should not be ranked based on a generalized analysis
of the relative importance of those members in the larger network but rather on their
local importance to the querying user [23, 37]. Mislove et. al. [25] considered the
problem of information search through social network analysis. They compare the
mechanisms for locating information through web and social networking platforms
and discuss the possibility of integrating web search with social network through a
HTTP proxy.

A primary way to understand social relationships is by analyzing social group
formation in social networks. Work in group detection in graphs are primarily asso-
ciated with community detection and graph partitioning problems. Past works [28]
describe the motivation and technical differences between the two approaches. De-
tailed discussions can also be found in the recent survey [15]. Here, we discuss
works related to community detection in social networks.

A common approach for finding sub-communities in networks uses a percolation
method [11, 31, 30]. Here, k-clique percolation is used to detect communities in the
graphs. Cliques in the graph are defined as complete and fully connected subgraphs
of k vertices. Individual vertices can belong to multiple cliques provided that the
overlapping subgroups don’t also share a (k−1) clique. The work in [16] uses cen-
trality indices to find community boundaries in networks. The proposed algorithm
uses betweenness between all edges in the network to detect groups inside the graph.
The worst-case runtime of the algorithm is O(m2n) for a graph of m edges and n ver-
tices and is unsuitable for large networks. Improvements in the runtime have been
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suggested in later works [33, 35]. Impact of network centrality on egocentric and
socio-centric measures have also been studied [23].

The betweenness approach places nodes in such a way that they exist only in a
single community, restricting the possibility of overlapping communities and detect-
ing disjoint groups in the network. To overcome this shortfall, algorithms in [17, 18]
have proposed the duplication of nodes and local betweenness as a factor in detec-
tion of communities. Other approaches to identify overlapping communities have
also been proposed [5, 4]. The above works describe the community structure based
on relative comparison with the graph segment not included in the community [27]
or based on comparisons with random graphs of similar number of nodes and ver-
tices but different topological structures. For example, the definition of modularity
[29] as an indicator of the community strength defines the measure as a fraction of
the edges in the community minus the edges in a community created by the same al-
gorithm on a random graph. Community definitions also include detection of groups
within the network such that the interconnection between the different groups are
sparse [17, 18]. In this work, we build the social search system on Facebook, uti-
lizing the existing social graph as well as the information database being built by
users. We discuss the details next.

3 Social Search - Problem Statement

In this section, we start with a discussion of the benefits of a social search engine
and end by introducing the key information structures.

A user introduces an article to his/her friends by sharing the article URL on Face-
book. It can be intuitively theorized that the user shared the article because he/she
found the article to be relevant and beneficial in a particular context. Through the
sharing process, the user extends the information database of his/her social network
with the context of the shared article and consequently other friends in their network
can benefit from this endorsement. In the example of Figure 1 the primary context
of the article is ‘privacy’. Users in the network benefit from this shared knowledge
when they try to find information related to ‘privacy’. Furthermore, the social con-
text in this case i.e. the person who shared this information can help querying user(s)
to disambiguate and choose from a large number of articles available on ‘privacy’
in general on the web.

It is important to understand that the subjectiveness of social relationships make it
extremely difficult to correctly predict the value of each relationship. Furthermore,
in the absence of ground truth data, it is also difficult to accurately postulate that
one friend or user is more important compared to another user. In this direction, we
focus on computing the most socially relevant “result set” rather than emphasizing
on ranking individual results in a result set. Thus, in this work the relevance of a
comprehensive result set is given a higher priority over the ranking of individual
results during a search query and relevance values of each result sets are determined
to select the best result set for a given user query. Next, we formally define the key
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information structures required to develop a social search engine and rank query
results.

Definition 1. Social Network: A social network is a graph G = (V,E), where V is
a set of nodes and E is a set of edges among V . A node stands for a user in the social
network, and an edge e stands for a connection between two users u and v. In our
work, we consider undirected edges. The shortest geodesic distance between two
nodes n1 and n2 in the network is defined as d(n1,n2). Let d(n1,n2) = ∞ if no path
exists between the nodes in the network.

Definition 2. Ego Network: For a user u, ego network is a graph G(u)= (V (u),E(u)),
where V (u) is a set of nodes that includes all friends of u, F(u) and the node u it-
self. E(u) is a set of edges among (V (u)−u) such that ∀v ∈ (V (u)−u), v and u are
friends and share an edge in E. Additionally, all edges between nodes in (V (u)−u)
that existed in E are also included in E(u).

Definition 3. Mutual Friend Network: A mutual friend network of an user u is
defined as a subset of the ego network, represented as MF(u) = (F(u),E ′(u)). F(u)
is the set of all friends of user u and E ′(u) is a subset of the edges from E(u) with
the edges between user u and nodes in F(u) absent.

Definition 4. Shared Information: A shared information in a social network can
be identified as an URL or a document. An URL or document shared by a user u
is denoted by the tuple (u,d). Each shared URL or document is tagged by a set of
keywords K(d) = (kd

1 ,k
d
2 , ...,k

d
m). Additionally, each information is also tagged by a

time-stamp, T (d), based on the time the information was shared by the user in the
social network platform.

Definition 5. Query: A query q by a user u is defined as Q(u,q). The query q can
be a single keyword or a set of keywords i.e. a key-phrase. We discuss details about
how we distinguish keywords and key-phrases during the search process later in
section 6.

Definition 6. Factor: The term ‘factor’ is used to define a ranking factor that orders
and ranks results in the search process. The factors used in this work are defined in
section 5.

Definition 7. Result Candidates: The result candidates, RC(Q(u,q)) for a query
Q(u,q) is defined as the set of shared document tuples (vi,d j) such that vi ∈ F(u)
and ∀d j,q ∈ K(d j).

Let the number of results in RC(Q(u,q)) be represented as λ such that λ =
|RC(Q(u,q))|. Lets also denote the number of users in result candidates tuple list
as λv and the number of documents by λd . Also, lets assume the number of unique
users in the above list as λ ′v.

Definition 8. Result Set: A result set, RS(Q(u,q)), for a query Q(u,q) is defined
as a set of ρ document tuples (vi,d j) such that vi ∈ F(u) and ∀d j,q ∈ K(d j). Thus,
for a query Q(u,q) with result candidates, RC(Q(u,q)), the number of result sets
possible is given by α = d |RC(Q(u,q))|

ρ
e.
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Definition 9. Result Value: The result value of a result set for a given f actor is
defined as RV (RS(Q(u,q)),Factor). The method to compute the result value of a
result set will vary according to the factor and will be described in section 5 along
with each factor.

Definition 10. Result Final: The result final is a collection of result sets, or-
dered by decreasing result value. Thus, the result final for query Q(u,q) can be
defined as RF(Q(u,q)) = {RS1(Q(u,q)),RS2(Q(u,q)), ..,RSα(Q(u,q))} such that
RV (RS1(Q(u,q)),Factor)≥RV (RS2(Q(u,q)),Factor)≥ ..RV (RSα(Q(u,q)), Factor).

In the next section, we will discuss and define the semantics of social relationship
to formalize contribution of each user as they impart social context to formulate the
final result set.

4 Semantics of Social Relationships

There are multiple ways to understand the relationship between two users, v and w,
in a social network. The analysis can be based on the understanding of the social
groups present in the graph or measures of centrality or the clustering properties of
the social network graph. In the absence of ground truth data about the relationship
shared between two users (in real or online life), in this work we explore multiple
properties to analyze the social relationship between two users and provide a com-
prehensive study of factors that may have a potential impact on social search engine
results.

(a) userA (b) userB

Fig. 3: Mutual friend network visualizations.
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We base our analysis of the relationship between two users from the point of
view of the user, u, performing a search query through the search engine. Thus, we
analyze the relationship shared between users, v and w, through the mutual friend
network of the user u i.e. MF(u). For different users, u1 and u2 with respective mu-
tual friend networks, MF(u1) and MF(u2) such that the graphs are distinct either in
terms of topology or based on the number of users present in the network, the rela-
tionship shared between two users v and w where both v,w ∈MF(u1) and MF(u2)
may vary accordingly. We present example mutual friend network visualizations in
Figure 3. The visualizations represents the mutual friend networks of ‘userA’ and
‘userB’ (details about the users and the network properties are mentioned in sec-
tion 8.2), respectively, from their Facebook profile. The visualizations were created
using the Gephi platform [3].

We empirically determine the social groups of a user’s network by analyzing the
mutual friend network of the user. In centrality based methods, we use the factors
of degree, betweenness centrality and closeness centrality. We further explore clus-
tering based methods, namely local clustering coefficient property, to determine the
social relationship semantics between two users, v and w. We present an example
in Figure 4. Ego e is connected to all the other nodes in the graph and shown us-
ing a broken line between the vertices and ego e. The mutual friend network of the
ego e is shown by the connected lines between the other vertices of the figure. We
introduce the formal definition of each relationship characteristic and compare and
contrast the merits of each property next.

A social group in the ego-network of user u can be defined as a set of friends who
are connected among themselves, share a common identity and represents a dimen-
sion in the social life of the user u. A social group can be defined in multiple ways.
In this work, we base our definition on mutuality [37] and the formal definition is
presented next.

Fig. 4: Example ego-network of ego e

Definition 11. Social Group: A social group of a user u is defined as sg(u) = (V ′′)
where V ′′ is a set of vertices such that V ′′ ⊆ F(u) and for two users v and w in V ′′,
d(v,w) ≤ k in the mutual friend graph, MF(u). The set of all such social groups
formed from the mutual friend graph of a user u is represented as SG(u).
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4.1 Social Groups

The above definition allows for duplication of users across different social groups
since a user can belong to multiple social groups as it satisfies the geodesic require-
ment with other users of each group.

Fig. 5: Social Groups for an ego e
at k = 1

Fig. 6: Social Groups for an ego e
at k = 2

Let user u’s social circle be divided into a set of groups represented as SGu =
{sgi

u}, where 1≤ i≤ ngu, ngu represents the number of social groups formed. Based
on two different parameter values, examples of such groups are presented in Figure
5 and Figure 6. We observe that four social groups are discovered for k = 1. Nodes
c and g overlap in both the two groups. Now, when we inspect the graph for k = 2,
we discover only 2 social groups with no overlapping vertices. It is also important
to note here that further increase in the value of k has no effect in group generation.
Thus, in a way the group formation gives a sense of separation or distance between
the users based on the value of k for the group formation process.

We use the set of all social groups formed from the mutual friend graph of an user
u to next define the social distance between two users present in the ego network of
user u. Let user v belong to the set of social groups gv such that gv ⊂ SG(u). Let ηv
represent the cardinality of gv and let each element of set of groups gv be represented
as gi

v such that 1≤ i≤ ηv. We utilize the group member information to next define
group distance and user distance.

Definition 12. Social Group Distance: The distance between two social groups
is defined to be equal to the Jaccard distance between the groups. For two social
groups, sg(u)i and sg(u) j, from the set SG(u) of user u, distance is defined as:

dist(sg(u)i,sg(u) j) = 1−
(
|sg(u)i∩ sg(u) j|
|sg(u)i∪ sg(u) j|

)
(1)

Definition 13. User Distance in Ego Network: User distance between two users, v
and w, in the ego network of user u is defined as the mean distance between the two
user’s associated group(s). For users v and w associated with ηv and ηw number of
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social groups represented by gi
v and g j

w such that 1 ≤ ηv and 1 ≤ ηw respectively,
user distance is defined as:

ω(v,w) =

∑
1≤i≤ηv
1≤ j≤ηw

dist(gi
v,g

j
w)

ηu×ηw
(2)

The social group distance and user distance formula as proposed above paves
the way for us to understand the social relationship between two users based on
mutuality and creates scope for us to distinguish how distant (or close) users are
to each other from the point of view of a single user. A high value in the user dis-
tance thus empirically suggests a separation (possibly to an extent of unfamiliarity)
and furthermore existence of multiple facets to an individual’s social life. For ex-
ample, a typical individual has friends from their place of employment (which can
be multiple and fairly distinct as individuals move through phases of professional
career growth), place of education (with strong possibilities of multiple and distinct
groups again as individuals go through high school, college, graduate school, etc.)
and so on. The concepts related to social groups and multiple sections of a user’s so-
cial network are analogous and the terms have been used interchangeably in rest of
the paper. The ‘diversity’ factor as will be introduced in section 5.1 tries to capture
the underlying hypothesis from the above discussion and helps build search engine
results by exploiting the information present in a dormant format in social group
information.

The semantics described next are more direct in this approach to capture social
relationships and are used more explicitly to define respective factors and rank re-
sults in the social search engine.

4.2 Degree

In this factor, we consider the degree of user v in MF(u) i.e. the factor that indi-
cates the number of users in F(u) connect to v. Let, this value be represented as
deg(v,MF(u)), for all v ∈ F(u). In the example of Figure 4, users a,b and g has a
degree of 2, user c has a degree of 3 and users d, f and h has a value of 1. The num-
ber indicates the strength of connectivity of a particular vertex in the mutual friend
network. A high value can be interpreted as a signal of support for the friend and
reflects their relative importance in MF(u) and thus stands as an important signal to
represent the social relationship shared between users.

While the value of degree (indegree and outdegree values in directional graphs)
have been a signal of significant importance in graph based methodology develop-
ments, e.g. HITS, PageRank, in the context of social relationships and the mutual
friend network of a user, the degree property can often formulate results to indicate
biasness towards a few social relationships. For example, friends from a particular
group (say place of work) can all know each other and can form complete graph,
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thus leading towards every user in the said group to have high and similar degree
values and constraining the result set to include results from only one group. Other
properties described next, e.g. betweenness, closeness centrality and clustering co-
efficient also tends to address these issues and thus, we believe ‘diversity’ offers a
certain level of contrast to other social relationship characteristics and hence has the
potential to offer interesting results in a social search engine result set.

4.3 Betweenness Centrality

The betweenness centrality characteristic of a node in a graph is used to quantify
the extent to which a node lies between other nodes in the network [37]. The be-
tweenness of a user v is represented as CB(v,MF(u)) for all v ∈ F(u). The measure
based on the connectivity of a node’s neighbors, assigns a higher value for nodes
that bridge clusters in the graph. The measure indicates the number of users that
an individual user connects through to connect to other users in the graph and is
another important signal to understand the semantics of social relationships.

The betweenness centrality of a node v is computed as [7]: CB(v,MF(u)) =
∑s 6=v6=t∈V

σst (v)
σst

where σst is total number of shortest paths from node s to node t
and σst(v) is the number of those paths that pass through v. In the example of Figure
4, users a,b,d, f and h has a betweenness centrality value of 0.0, user c has a value
of 0.13 and g has a value of 0.067.

4.4 Closeness Centrality

The closeness centrality characteristic is a measure of how a node is central in a
given network. The measure is defined as the sum of (geodesic) distance of a given
node to all other nodes in the network [34, 7, 37]. Consequently, a user is termed as
more central in the network if the total distance to all other users is lower relative to
other user’s respective value.

The closeness centrality for a user v in the mutual friend network of user u is
defined as [7]: CC(v,MF(u)) = ∑t∈V\v 2−dMF(u)(v,t). In the example of Figure 4, users
a and b has a closeness centrality value of 0.375, user c has a value of 0.50, user d
has a value of 0.30, user g has a value of 0.33 and users f and h has a value of 0.22.

4.5 Clustering Coefficient

The clustering factor captures the tendency of nodes to form a clique [38]. We par-
ticularly focus on the local clustering coefficient property of each user in the graph.
For a user v in the mutual friend network of user u, let the neighborhood of the
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user be defined as Nv,MF(u) = wi where wi is a user directly connected to user v
and d(v,wi) = 1 in MF(u). Lets define kv as the number of users, |Nv,MF(u)|, in the
neighborhood, Nv,MF(u) of user v in MF(u).

The local clustering coefficient of each user v in the mutual friend network

MF(u) is defined as: CL(v,MF(u)) =
2×|ewi ,w j |
kv(kv−1) such that wi,w j ∈ Nv and ewi,w j ∈

E ′(u). In the example of Figure 4, user a and b has a local clustering coefficient
value of 1.0, user c has a value of 0.33 and users d, f ,g and h has a value of 0.0.

The details of how the ranking algorithms satisfy the requirement of decreasing
result value for each result set in result final are simple and intuitive and left to
the reader. Based on the above factors to identify the social relationship semantics
between two users, we next define the ranking factors and present the associated
ranking algorithms to compute results in a social search engine.

5 Ranking Factors and Algorithms

In this section, we expand on our discussion of semantics of social relationships to
introduce ranking factors. In the first subsection, we describe the ranking factors
and also describe methods to evaluate the result value of any result set for a given
ranking factor. In the final subsection, we talk about the ranking algorithm employed
to rank results and determine the final result set(s) from the result candidates. We
start by introducing the ‘diversity’ factor based on the definition of social groups as
discussed in section 4.1.

5.1 Diversity

The ‘diversity’ factor is based on the social group information of the querying user.
The purpose of this factor is to maximize group representation in a result set such
that the social diversity in a result set is maximized and a higher user distance be-
tween the users present in the result set can help user u to inspect results that mem-
bers from the various groups of the network share on the platform. The diversity
value is based on the user-distance method defined in section 4.1 and is defined
next.

Definition 14. Diversity. The diversity of a result set, RS(Q(u,q)), consisting of ρ

results is defined as the mean user distance(s) between each pair of users.

4(RS(Q(u,q))) =

∑
v,w∈RS(Q(u,q))

ω(v,w)

|ρ|2
(3)

Definition 15. Diversity Result Value. The result value of a result set for the ‘di-
versity’ factor is defined as equal to the diversity value of the result set itself. Thus,
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RV (RS(Q(u,q)), ‘Diversity’) =4(u,RS(Q(u,q))) =

∑
v,w∈RS(Q(u,q))

ω(v,w)

|ρ|2
(4)

5.2 Degree

The ‘degree’ factor is based on the definition of ‘degree’ from section 4.2. The
purpose of this factor is to select friends of the user performing a query who have
the highest number of connections in the mutual friend network and define relevance
in a social context as related to each contributing user’s popularity in the network.

Definition 16. Degree Result Value. The result value of a result set for the ‘degree’
factor is defined as the average of the degree value of all users present in the result
set. Thus,

RV (RS(Q(u,q)), ‘Degeee’) =

∑
v∈RS(Q(u,q))

deg(v,MF(u))

ρ
(5)

5.3 Betweenness Centrality

The ‘between centrality’ factor is based on the definition of betweenness centrality
of individual users in the mutual friend network, section 4.3. The primary goal of
this factor is to provide scope to build result sets such that users with highest values
of betweenness centrality are ranked higher and provide relevancy to search engine
results.

Definition 17. Betweenness Centrality Result Value. The result value of a result
set for the ‘betweenness centrality’ factor is defined as the average of the between-
ness centrality value of all users present in the result set. Thus,

RV (RS(Q(u,q)), ‘Betweenness Centrality’) =

∑
v∈RS(Q(u,q))

CB(v,MF(u))

ρ
(6)

5.4 Closeness Centrality

Similar to betweenness centrality, the ranking factor ‘closeness centrality’ is based
on the definition of closeness centrality from section 4.4. The motivation here is
to include results from users with higher values of closeness centrality in the top
ranked result set.
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Definition 18. Closeness Centrality Result Value. The result value of a result set
for the ‘closeness centrality’ factor is defined as the average of the closeness cen-
trality value of all users present in the result set. Thus,

RV (RS(Q(u,q)), ‘Closeness Centrality’) =

∑
v∈RS(Q(u,q))

CC(v,MF(u))

ρ
(7)

5.5 Clustering Coefficient

Clustering coefficient is introduced as a ranking factor based on the definition pro-
vided in section 4.5. The purpose here is include results from users with higher
local clustering coefficients first and continue the process till all entries from result
candidates are placed in result sets of decreasing value.

Definition 19. Clustering Coefficient Result Value. The result value of a result
set for the ‘clustering coefficient’ factor is defined as the average of the clustering
coefficient value of all users present in the result set. Thus,

RV (RS(Q(u,q)), ‘Clustering Coefficient’) =

∑
v∈RS(Q(u,q))

CL(v,MF(u))

ρ
(8)

5.6 Time

We introduce ‘time’ as the final factor to rank results. The time-stamp of each shared
information, T (d) is considered to rank the result candidates to compute the final
result. In contrast to the previous factors that were based on the social relationship
shared between users, the ‘time’ fator is established to reflect the most recent activity
by users in the context of the query. For example, in the context of a query related
to ‘budget’, the ‘time’ factor can successfully determine search results that link to
the most recently shared information related to ‘budget’.

Definition 20. Time Result Value. The result value of a result set for the ‘time’
factor is defined as the average time-stamp of the information set present in the
result set. Thus,

RV (RS(Q(u,q)), ‘Time’) =

∑
d∈RS(Q(u,q))

T (d)

ρ
(9)

In addition to the above definition of a result value for the factor ‘time’, we also
measure the standard deviation in time-stamp values of the information set present
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in the result set. The standard deviation value helps us understand the extent of
‘freshness’ or ‘real-time’ nature of the results. In the next section, we discuss the
algorithms employed to compute final result set for each ranking factor.

5.7 Ranking Algorithms

The ranking algorithm generates the set of final results, RF(Q(u,q)) = {RS1(Q(u
,q)),RS2(Q(u,q)), ..,RSα(Q(u,q))} from the set of result candidates, RC(Q(u,q)).
The steps associated with the ranking algorithms for each ranking factor are de-
scribed next. We will start by recounting the terminologies associated with the set
of result candidates, RC(Q(u,q)). The number of results in RC(Q(u,q)) is repre-
sented as λ , i.e. λ = |RC(Q(u,q))|. Also, the number of users in result candidates
tuple list is denoted as λv and the number of documents by λd . The number of unique
users in the above list is assumed as λ ′v. A result set, RS(Q(u,q)), contains ρ tuples
of information.

Each information has a time-stamp data marked by T (d). If a user has shared
multiple pieces of information, the information set is sorted by the time-stamp,
T (d). The most recently shared information is ranked highest followed by informa-
tion shared at later dates. The algorithm associated for ‘diversity’ factor is described
next:

5.7.1 Diversity:

The result value for the ‘diversity’ factor is based on the relationship shared between
two users (user distance property) present in the result set. The steps involved in the
ranking algorithm for ‘diversity’ are described next.

1. If the number of result candidates is less than or equal to the size of a result set,
i.e. if λ ≤ ρ , then only one result set is possible and RF(Q(u,q)) = RC(Q(u,q)).

2. If the number of result candidates is greater than the result size set and the num-
ber of unique users is equal to the result set size, i.e. if λ > ρ and λ ′v = ρ , then
RS(Q(u,q)) is constructed using the most recently shared post (using information
from T (d)) of λ ′v users. This automatically ensures that maximum value of diver-
sity is achieved in the result set. If the starting condition of result candidates pro-
cessing is this step, then the result set becomes the first result set of the final result
set, i.e. RS1(Q(u,q)). Now, RCnew(Q(u,q)) = RC(Q(u,q))−RS1(Q(u,q))}. The
values related to λ and λ ′v are updated accordingly and in the next iterations to
construct result set RS2(Q(u,q)), ...,RSα(Q(u,q)), the applicable steps are fol-
lowed.

3. If the number of result candidates is greater than the result size set and the num-
ber of unique users is less than the result set size, i.e. if λ > ρ and λ ′v < ρ ,

(
λ

ρ

)
possible result sets are constructed and using the user information available in
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each result set, result value for the ‘diversity’ factor is computed. The result set
with the highest value of diversity is selected and RC(Q(u,q)) is updated to re-
peat the steps to compute next set of results. A user may contribute multiple times
in the result set but the process ensures that the result set has the highest value
of diversity. In the case of multiple result sets with equal value of ‘diversity’,
knowledge about time-stamps of each shared information included in the result
set is used to break the tie and the result set with the highest value of time-stamp
(i.e. the result set with the most recently shared documents) is selected as the
result.

4. If the number of result candidates is greater than the size of a result set and
the number of unique users is also greater than the result set size, i.e. if λ >

ρ and λ ′v > ρ , we start by first constructing
(

λ ′v
ρ

)
number of sets and compute

the diversity value of each set. The set with the highest value of diversity is
selected and documents associated with each user is selected to formulate the
result set. The most recently shared document by users are used and in case of tie
in diversity values, time-stamp values are used to break the tie and the set of most
recently shared documents are declared as winner. The set of result candidates,
RC(Q(u,q)), is updated and the steps are repeated till the set of result candidates
has no more entries.

Based on the relationship shared between two users in a result set, the algorithm
to rank results for the ‘diversity’ factor contrasts the corresponding ranking algo-
rithm of other factors. Algorithm for other factors are presented next.

5.7.2 Degree, Betweenness Centrality, Closeness Centrality and Clustering
Coefficient:

The algorithm to rank results for ‘degree’, ‘betweenness centrality’, ‘closeness cen-
trality’ and ‘clustering coefficient’ factors is similar in nature and the steps are de-
scribed next:

1. If the number of result candidates is less than or equal to the size of a result set,
i.e. if λ ≤ ρ , then only one result set is possible and RF(Q(u,q)) = RC(Q(u,q)).

2. If the number of result candidates is greater than the result size set i.e. if λ > ρ ,
the results are ordered by the respective value (degree, betweenness central-
ity, closeness centrality or clustering coefficient value) of each user present in
RC(Q(u,q)) and the user with highest value is ranked first. Multiple entries by a
user of higher value are placed in the final result set before entries from a user
with lower degree value are considered.

5.7.3 Time:

The algorithm to rank results based on the ‘time’ factor is the simplest among all
the factors. The set of information present in RC(Q(u,q)) is ordered according to
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their time-stamp value. The document shared most recently is ranked first followed
by documents in decreasing value of time-stamp. The ordered set is finally used to
construct α results sets and the final result set, RF(Q(u,q)).

This concludes our discussion on the ranking factors and the associated algo-
rithms. In the next section, we discuss details about the implementation of the social
search engine.

6 Social Search System Development

We built InfoSearch as a prototype social search engine over Facebook. InfoSearch
is built as a Facebook application using the Facebook platform APIs and is avail-
able at http://apps.facebook.com/infosearch. Users are requested to authorize the
application in order to use it. Once authorized, the three primary components of the
application work together to deliver search results. The system architecture for the
search engine is presented in Figure 7 and the components are described next.

Fig. 7: Social Search Engine Architecture

6.1 Crawler

The purpose of the Crawler is to pull out information from the Facebook feed of
each signed-in user using the Facebook API. The Facebook feed of a user consists
of links, photos, and other updates from friends. In this work, the Crawler focuses
on crawling the shared links to connect the web graph with the social graph. The
Crawler is executed on a daily basis for each authorized user to retrieve the following
data from their feed.
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In our work, the Crawler employs the ‘links’ API provided by Facebook to crawl
the various ‘links’ i. e. internet URLs shared by users on the Facebook platform.
When called by the Crawler, the ‘links’ API returns a set of fields related to each
link entry. Among the returned fields, we consider the following fields: a) ‘id’, b)
‘from’, c) ‘link’, d) ‘name’, e) ‘description’, f) ‘message’ and g) ‘created time’ for
the next component of our search engine. The Crawler also retrieves information
about a user’s friend list to build the ego and mutual friend network of a user. The
Crawler uses the ‘friends’ and ‘friends.getMutualFriends’ API to retrieve informa-
tion about the nodes and edges, respectively to build the ego network of a user. The
Crawler also provides scope to expand our architecture to include other social net-
work platforms by mapping the field lists of each returned link with fields used by
the next two components of the architecture.

6.2 Indexer

The Indexer has two primary tasks. First, it analyzes the information retrieved by the
Crawler to build an index of keywords for each shared URL. Second, the Indexer
also performs the task of analyzing the mutual friend network of each user and build
the corresponding user relationship data. Details of each task are described next.

Once the shared URLs are retrieved from the feed of each signed-in user, the
next step is to build a keyword table for each URL with keywords extracted from
the text retrieved from the URL. We use Yahoo!’s term extraction engine [26] for
this purpose. The term extraction engine takes a string as input and outputs a result
set of extracted terms. Additionally, we also use the Python-based topia.termextract
library [21] to expand the keyword table. This library is based on text term extraction
using the parts-of-speech tagging algorithm. We retrieve text from each URL and
interpret the text using the aforementioned methods to finalize the set of keywords
for each shared link. The second task of the Indexer is to analyze each signed-user’s
mutual friend network and determine the user property information (i.e. values of
degree, betweenness centrality, etc) of each friend in the network. We use the ‘R’
implementation of ‘kCliques’ to build the social group information set [36].

To understand the impact of k in social group formation and accurate construction
of social groups as users interact with InfoSearch, we built a Facebook application
and surveyed users response for different values of k. We varied the value of k be-
tween 1 and 5 and asked users for their thoughts on the accuracy of social groups
formed at different values of k. Conclusions from user responses were then used to
determine the appropriate value of k for final result formulation in InfoSearch. In
our current implementation, we use a value of k equal to 3 to generate results for
queries. We discuss details of this application and user feedback in Section 8.1.

The Indexer accomplishes the above two tasks by running data analytics back-
ground jobs on the raw data crawled from Facebook. The final processed data sub-
sequently interacts with the third and final component, the result generator which is
described next.
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6.3 Result Generator

This is the final component in the system development. The purpose of this com-
ponent is to a) process the user input query(ies), b) determine the result candidates,
and c) formulate the final result set. In the first step, the user enters a query through
the search engine web interface. At this step, users are also given the option to select
their preferred way of ranking the possible results. In the next step, all documents
related to the input query that originated from the friends of the user are retrieved.
If no related documents are found and the query includes multiple keywords, the
query is broken into multiple sub-queries and the search process is repeated to de-
termine the related documents. If no documents are found at this stage, a ‘no results
found’ message is sent to the user and the process stops. Otherwise, the set of re-
lated documents are promoted to potential result candidates and sent for processing
by the ranking algorithms to determine the final result set. Based on the ranking fac-
tor selected by the user, the corresponding ranking algorithm is applied to the result
candidates and the final result set is pushed forward to the application interface for
display to the user.

In our current implementation, we set the number of results per result set, i.e. ρ as
equal to 8. We implement a pagination style such that every result set of ρ results,
i.e. RS1(Q(u,q)),RS2(Q(u,q)), ...,RSα(Q(u,q)) are placed on consecutive pages.
Thus, the result sets are displayed to the user in the form of consecutive pages such
that the first page displays the result set with highest value and decreases on later
pages.

It is important to emphasize on the computational complexity involved in the
final result construction at this stage. In traditional web search engines, final re-
sults for a variety of query keywords are pre-computed and result sets are cached
for delivery to the user. In contrast, in a social search engine, as the number of
result candidates and social context information present for each query varies, a re-
sult construction on the fly becomes a necessity and offers significant challenges to
develop efficient and fast solutions. For example, during the process of determin-
ing final result sets using the ‘diversity’ factor, the number of sets possible for λ ′v
unique users in the result candidates is

(
λ ′v
ρ

)
. The number of potential result sets for

a relatively small number of unique users, say λ ′v = 16, the number of sets possible
is
(16

8

)
= 12,870. This number increases exponentially for higher number of users

in result candidates. Iteration through such a large number of possible result sets
takes a considerable amount of time and renders the search experience slow and in-
efficient. In the current development phase of InfoSearch, we focus on highlighting
the challenges of building social search engines and leave exploration of efficient
algorithms for future works. However, as we will see during our user case studies in
Section 8.2, Table 3, as the number of unique users in result candidates for a query
can be substantially high, we resorted to using heuristic methods during the devel-
opment process. In the final result set construction step, if the number of results,
λ , and number of unique users, λ ′v, are both greater than the size of a result set,
ρ , we consider the most recent 12 results sorted by ‘time’ and originating from 12
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different users as constituent of the starting result candidates to construct the first
final result set, introducing the next 8 results into result candidates list in addition
to the remaining 4 results to generate the second final result set and so on. This step
ensures we only have to construct

(12
8

)
= 495 possible result sets before we decide

the final result set at each iteration and users can enjoy the experience of receiving
a quick result set for their query.

We also implement an additional feature to help users find information related to
a specific friend or set of friends. This feature is implemented at the query step and
the user has to specify the name of his/her friend(s) in conjunction with the query.
In this particular situation, the retrieval process is limited to the set of information
related to the specified user(s) only and the time factor is used to rank the results
at this step. In the following section, we discuss the deployment of InfoSearch and
present a few statistics on its current usage and performance.

7 User Statistics

We invited colleagues from our lab to use the application. InfoSearch was made
available in March 2011. We present the following statistics analyzing the usage be-
tween March and December 2011. InfoSearch gained 25 signed-in users and through
the signed-in user’s Facebook feed, it has access to regular updates of 5,250 users.
Each user has an average of 210 users in their ego network and their mutual friend
graph has an average of 1414 edges.

During the time InfoSearch has been active, we have crawled links shared by
3,159 users. This is a very significant number because it tells us that, among the
users InfoSearch has access to, 60% shared a web link with their friends in the
social network. It is evident that the integration of web and social network graphs is
taking place at a rapid pace and that the growth can have a significant impact on the
way users search for information on the Internet.

The number of links shared by the users during this period is 31,075. The num-
ber of keywords extracted using the Yahoo! term extraction engine and the Python
topia.termextract library is 1,065,835, which amounts to an average of 34 terms for
each link. Additionally, we also consider the number of unique terms present in this
pool to form a picture about the uniqueness in the shared content. We observe that
the number of unique terms shared across all the links is 130,900, which results
in an average of 4 terms per link. We next discuss case studies to understand the
performance of social search engine results under different ranking factors and al-
gorithms. We start by discussing results from our user study to determine the best
value of k to formulate social groups.
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8 User Studies

8.1 Social Group Analysis

An interpretation of the number and qualitative properties of social groups proposed
by any method is a matter of subjective analysis to a particular user. In our definition
of social groups, we mention the permissible upper-bound geodesic distance of k for
two users to be a part a social group in the ego network of a user. A variation in the
values of k can thus determine different social groups and consequently can lead to
different (favorable or unfavorable) appreciation of the quantitative and qualitative
properties of the social groups. To understand the value of k at which the users feel
the social groups formed are best representative of their social network, we built a
Facebook application 1 and sought out user feedback. We next describe the details.

A user must approve an application before the application can interact with the
user. Once a user u approves the application to read their respective social data,
information about their friends are fetched. In the second step, the fetched friend
information is used to construct the mutual friend graph, MF(u). Next, we con-
struct social groups, SG(u), starting with value of k equal to 1. We display the group
formed to the user and sought out their feedback on two questions. In the first ques-
tion, we asked users their opinion on the number of groups formed. The answer
scores and their corresponding labels were a) 5, ‘Too Many’ b) 4, ‘Many’ c) 3,
‘Perfect’ d) 2, ‘Less’ and e) 1, ‘Too Less’. In the second question, we asked partici-
pants of their feedback on the quality of the groups formed i.e. if the social groups
formed were accurate representation of their real life groups. To obtain feedback for
this question, we provide the participants the following scores along with the corre-
sponding labels: a) 5, ‘Yes, Perfectly’ b) 4, ‘To a good extent’ c) 3, ‘Average, could
be better’ d) 2, ‘Too many related friends in separate groups’ and e) 1, ‘Too many
unrelated friends in the same group’. We repeat the above step by incrementing the
value of k for an upper limit of k = 5.

Feedback
Value

Standard Devi-
ation

k = 1 3.84 0.84
k = 2 3.41 0.85
k = 3 3.03 0.67
k = 4 3.12 0.92
k = 5 2.25 1.14

Table 1: User feedback scores on
number of social groups detected

Feedback
Value

Standard Devi-
ation

k = 1 3.54 0.91
k = 2 3.41 1.28
k = 3 3.80 1.31
k = 4 3.31 1.38
k = 5 2.88 1.46

Table 2: User feedback scores on
quality of social groups detected

Thirty users with varying size of friend lists signed into the application. Mea-
surements from the logged-in user’s egocentric networks are presented in Figure 8.

1 The application is available at http://apps.facebook.com/group friends.
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(a) Number of Social Groups (b) Average Size of Social Groups

Fig. 8: Logged-in user dataset analysis

We present results on the number of groups formed along with the average size of
the groups for varying values of k for different user degrees in each of the figures.
At k = 1, the number of groups formed grows linearly with the degree of the user.
At higher values of k, we observe that the number of groups formed significantly
drops with larger average group sizes. For example, at k = 1, number of groups is
equal to 60 and average group size is equal to 5 for users with degree equal to 100.
However, at k = 2, for the same users, the average size of the groups have risen to
15 while the number of groups has dropped to only 20. This happens because as
we increase the value of k and correspondingly relax the requirements of member
inclusion into a group, higher number of members are included into a single group
including overlapping members. However, the more interesting observation comes
when we compare the values obtained for k = 4 and k = 5. Since, we allow overlaps
to exist across groups, if certain users exist over multiple groups for a given k, when
we would allow a larger k, this overlapping user would cause the groups to collapse
into a single group. Contrary to this assumption, we see only small changes in the
values observed for k = 4 and k = 5 than for changes in values observed for k = 3
and k = 4, indicating that members in the mutual friend graph exist in small clusters
that can be separated from each other at a certain cutoff level; k = 4 in this case.

Scores from the feedback analysis for the above two questions are presented in
Table 1 and Table 2, respectively. We see the feedbacks on the number of social
groups formed at k = 3 is approximately equal to 3, a score indicating a ‘Perfect’
division of the egocentric networks of the users into how they perceive their own
social relationships to be divided in real life. It is also interesting to note in this
section that the standard deviation at this instance is the least of all the feedbacks
received.

User feedbacks on quality of the social groups formed are presented in Table 2.
It is interesting to note that at values of k equal to 1,2 and 3, feedbacks indicate
a score between ‘Average, could be better’ and ‘To a good extend’ indicating that
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the social groups detected are indeed accurate representation of how users perceive
their friends to be members of different sections in the real life. We thus conclude
that a value of k equal to 3 is a good choice to compute social groups and form the
basis of providing diversity based results to users in InfoSearch during any query.

8.2 Search Result Analysis

A social search engine generates unique results for every user. The subjective nature
of results make it pointless to qualitatively compare with results from other search
engines that generate identical results for all users. Thus, we cannot evaluate the
results shown by InfoSearch for a query based on the results obtained from other
web search engines. Instead, we focus on analyzing the impact of the ranking fac-
tors in the final result set for different users. We ask the following question: If a
result set, RSi(Q(u,q)), was generated using a particular ranking factor, what will
be the result value of this result set for other ranking factors and how will the result
value hold against similar values of result sets generated by other ranking factors?
For example, in Figure 9, we compare diversity values of result sets generated by
each ranking factor. We start by computing the final result for a given ranking fac-
tor and it’s respective ranking algorithm. Once the final result has been computed
and ranked result sets are available, we also evaluate the result value of each such
result set for other ranking factors. Thus, for the example in Figure 9, we start by
building the final result from the available result candidates for each ranking factor
(i.e. ‘diversity’, ‘degree’, etc.) using the corresponding ranking algorithm. Once the
result sets are ready, we compute the ‘diversity’ result value of the result set to com-
pare and contrast the values in Figure 9. We perform similar actions to evaluate and
discuss the result values for other ranking factors between Figures 10 and 14.

We perform user studies based on the information shared in the ego network of
two authors of this work. The first author is labeled as ‘userA’ and the second author
is labeled as ‘userB’. userA has 246 members in his ego network. The number of
edges shared between the members are 2235, that is, an average of 9.08 edges per
member. userB has 1129 friends and the number of edges between the members are
7071, that results in an average of 6.26 members. Furthermore, the average cluster-
ing coefficient of each of the networks is 0.606 and 0.431 for ‘userA’ and ‘userB’
respectively. Aided with the visualizations presented in Figure 3, it is evident from
these statistics that the respective ego networks are very different in topological
characteristics and our next step is to understand how the ranking factors impact
the final result set formation. We compare the results based on how the result value
of each ranking factor holds up against the other ranking factors. For each ranking
factor, we start by computing the final result set, RF(Q(u,q)). In the following dis-
cussions, we discuss the result value for the result set ranked highest i.e. we discuss
the attributes of RS1(Q(u,q)). We consider two queries for the user study: ‘budget’
and ‘privacy’ because of their relevancy among a large number of users in the social
network. We present statistics related to each query for both users in Table 3.
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Query Total number of results Unique number of users sharing
results

userA ‘Privacy’ 199 60
‘Budget’ 30 13

userB ‘Privacy’ 1008 246
‘Budget’ 121 49

Table 3: Statistics on results candidates for query

The statistics in the table also illustrates the computation challenges to construct
result set(s) in a social search engine setup as discussed in Section 6.3. In the above
examples, the worst case scenario is to construct a result set of ρ results from a
possible result candidate of 1008 results originating from 246 unique users where
we can construct

(246
8

)
= 2.96× 1014 sets to select the best result set. Clearly, this

is a situation we want to avoid when we compute result for users on the fly. A
consideration of this issue motivated us to exploit methods that will help us scale
the computation and thus, finally in our result generation process, we consider only
the 12 most recent result in the result candidate set to construct each result set. Next,
we discuss the result values. We start by evaluating result values for the diversity
factor.

Diversity result value of a result set is given by RV (RS(Q(u,q)), ‘Diversity’) and
the values are plotted in Figure 9. The diversity values in the plot have been com-
puted for k = 3. It is expected that the result sets produced using the diversity factor
and it’s corresponding ranking algorithms that aims to select the result set with the
maximum value of diversity, has the highest values of diversity compared to the
values of result sets generated by other factors. The plots confirm this hypothesis,
however, it is interesting to note the difference in values of result sets computed
using other factors. The consistency in decreasing values is best exemplified in the
case of userB and query ‘Budget’. userB’s relatively large network (1129 friends)
helps in retrieving results from a vast section of the network with high values of
distance and corresponding diversity between the users. In contrast, diversity values
for result sets formulated using the clustering and centrality measures are lowest in
nature and shows signs of partiality in result formulation by contributions from only
a few segments in the network.

We also observe the lowest diversity value related to any result set in the case
for the result set computed by ‘time’ factor. In the context of a large number of
possible result candidates for query ‘privacy’ for userB, diversity value is only 0.03
compared to the diversity value of 0.12 for the result set determined by the diver-
sity factor itself. Similar patterns can also be observed for query ‘Budget’, values of
0.09 and 0.39 for results ranked by time and diversity respectively. We infer from
this observation that information once shared by a member in a social group, has
a tendency to flow between the members of the particular social group before it
is shared by members of other social groups. This leads us to believe that result
sets formed based on time of sharing can lead to information sources that originate
within particular social groups and will have the lowest social diversity value. While
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(a) userA (b) userB

Fig. 9: Analysis for ranking factor ‘Diversity’.

the diversity based algorithm tries to maximize the value of social diversity in re-
sults, time factor, among the other factors mostly retrieve results that have the least
value of social context present. We next discuss the degree values of result sets.

(a) userA (b) userB

Fig. 10: Analysis for ranking factor ‘Degree’.

The degree value of a result set is given by RV (RS(Q(u,q)), ‘Degree’) and the
values are plotted in Figure 10. Similar to results ranked by ‘diversity’ factor which
were expected to generate result sets with the highest values of diversity among any
of the factors, the ‘degree’ value is also expected to be the highest among all the
result sets for the result set generated by the ‘degree’ factor and it’s corresponding
ranking algorithm. The plots confirm the expectation. The values for queries ‘Bud-
get’ and ‘Privacy’ for userA are 22.25 and 23.87 respectively compared to the sec-
ond highest values generated by ‘diversity’ factor at 18.87 and 20.87, respectively.
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Similar trends are also observed for userB in Figure 10b. However, it is surpris-
ing to notice the difference between values when compared to the values generated
by the ‘degree’ factor. The values for query ‘Budget’ for factors ‘time’, ‘clustering
coefficient’, ‘closeness centrality’ and ‘betweenness centrality’, 14.25, 15, 15, 15
for userA and 6.25, 3.25, 3.12, 3.12 for userB, respectively, are significantly lower
while the ‘diversity’ factor, 18.87 for userA and 11.75 for userB, is able to rela-
tively match up with the values of the ‘degree’ factor, 22.25 for userA and 11.875
for userB. The relative matching in the results is significant because although de-
veloped for a different reason, the ‘diversity’ factor is successful in capturing the
essence of the ‘degree’ factor and provide comparable values for the ‘degree’ metric,
thus showcasing itself as a strong candidate to power social search engine ranking
algorithms.

(a) userA (b) userB

Fig. 11: Analysis for ranking factor ‘Betweenness Centrality’.

We next analyze the result values for the ranking factors based on centrality mea-
sures, i.e. ‘betweenness centrality’ and ‘closeness centrality’. Analogous to the ‘di-
versity’ and ‘degree’ factors, result sets are also expected to have the maximum
value of betweenness centrality and closeness centrality when the result sets were
computed based on the respective factor and associated algorithm. We notice the
phenomenon in the plots in Figures 11 and 12. Furthermore, we observe that the
measures also generate similar result values for other factors. The highest value of
betweenness centrality is observed to be 0.0345 for userA and 0.0033 for userB
during analysis for query ‘Budget’ and 0.0301 for userA and 0.0082 for userB for
query ‘Privacy’ the betweenness centrality factor (among other factors with equal
values).

We see relatively low fluctuation in result values except for in the values gen-
erated by the ‘time’ factor based result set. The respective value for ‘time’ factor
is 0.0339, 0.0029, 0.0267 and 0.0082, a percentage difference of 1.74%, 12.12%,
11.30% and 0%, respectively. This strengthens our previous argument that informa-
tion has a tendency to flow between social groups before it spreads into a broader
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(a) userA (b) userB

Fig. 12: Analysis for ranking factor ‘Closeness Centrality’.

section of the ego network and a social search engine based solely on the ‘time’
factor thus fails to offer any advantage in terms of exploiting the prevalent social
information. Next, we look at the ‘clustering coefficient’ result values. Unsurpris-
ingly, we find a repeat of the same behavior here too with the ‘time’ factor offering
the least value among all factors and failing to capture the social relationship based
information into the result set. Finally, we investigate the ‘time’ characteristic of
result sets.

(a) userA (b) userB

Fig. 13: Analysis for ranking factor ‘Clustering Coefficient’.

We analyze time value of result sets from a reference date such that we can
understand the relative ‘freshness’ of the data shared in the network. For example,
if we observe two result set(s), we observe the average time-stamp value of shared
information is 10 and 100 days in the future from the reference date, we term the
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result with the average time-stamp value of 100 days since the reference date to be
more relevant and fresh to the user. Moreover, we also look at the standard deviation
in the time-stamp values of the shared information and we term a result set with
minimum values of deviation as the relevant result. Result values for the ‘time’
factor is presented in Figure 14.

(a) userA (b) userB

Fig. 14: Analysis for ranking factor ‘Time’.

The reference point for ‘time’ value analysis is placed on January 1st ,2011 and
the plots showcase number of days since the reference point. Thus, expectedly we
observe the results generated based on ‘time’ factor has the maximum value com-
pared to the respective value of result sets built using other factors. In the example of
userA for query ‘Budget’, the value of result ranked using ‘time’ factor is 108 days
whereas in contrast the lowest value is offered by the result set ranked by the ‘de-
gree’ factor at 78 days. Furthermore, the corresponding deviation in the time-values
are 30 days and 45 days respectively. Similar trends can also be observed in other
cases. This happens because when results are ranked according to social relation-
ship based factors, results that were shared a significantly long time ago are ranked
higher in order to enrich the social value of the result set. Although not unexpected,
a time based ranking of results thus, fails to accommodate social relationship se-
mantics and provides a result set that is mostly partial to only a sub-section of the
user’s ego network. In the next section, we conclude our work with a discussion
about future work.

9 Concluding Remarks

In this chapter, we described our efforts to build InfoSearch over the Facebook
platform as a prototype social search engine and provide scope to users to search
through the posts shared by their friends. In the process, we identified six important
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factors related to ranking search results for social search systems. Users can employ
either one of the factors to rank results as they search through InfoSearch. Based
on data collected through the Facebook feeds of two authors, we also performed
user studies to understand the impact of ranking factors in the formation of result
sets. We observed that ‘time’ based ranking of results, while providing the latest
posts, fails to include sufficient social information in the result based on the value
generated for both ‘degree’ and ‘diversity’ factors.

Among the factors based on semantics of social relationships between a user per-
forming a query and a user sharing a piece of information, ‘diversity’ based factor
provides sufficient social context into the result set as well as performs well in com-
parison to ‘degree’ factor to include time characteristics in the result set. We believe
the area of social search engines has an immense potential in the area of information
search and retrieval and we want to expand this work into multiple directions. First,
we want to grow the usage of InfoSearch by inviting more users to use our system on
a regular basis and provide us feedback on their opinion about the quality of results
formulated. Second, we want to extend the system architecture to include the scope
of distributed databases and develop the application into a distributed system capa-
ble of handling thousands of queries at any given time. Third, we want to extend
the factors involved in the ranking process to include other online social network
platform focused factors like ‘interaction intensity between users’. Finally, we aim
to develop methodologies and standards to objectively evaluate social search engine
results.
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