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A COMMUNITY-BASED APPROACH FOR IMPROVING THE
PROFILE INFORMATION QUALITY IN SOCIAL NETWORKS
Research in Progress
Hristova, Diana, University of Regensburg, diana.hristova@ur.de1
Jian Ma, City University of Hong Kong, isjian@cityu.edu.hk

Abstract
Social networks are becoming increasingly popular and also increasingly valuable platforms. However, since their value is strongly influenced by the information quality of user profiles, assuring the correctness, currency and completeness (3C) of profile information is important for their success. In this
paper we present an integrated approach for improving the 3C in social networks. Our approach is
based on the idea that, if a user is active in a community which differs from the information community determined by her/his profile information, then there is a quality deficiency which needs to be improved. To identify the exact information quality problem, past community structure is considered.
Thus, our approach is applicable to many different social networks and also considers the temporal
dynamics of the network. Social network companies can apply it to achieve high-quality profile information, which is essential for many applications (e.g. head hunting on LinkedIn). We demonstrate this
contribution, by applying it to the research social network ScholarMate. The initial results show that
the activity and information communities of the user do not always overlap and that our approach effectively addresses information quality problems in real-world social networks.
Keywords: Information Quality, Social Networks, Currency, Completeness, Correctness, Community.

1

Introduction and Background

In the past years and with the development of mobile technologies, the popularity of social networks
(SN)2 has increased tremendously (Statista, 2015) and so has their value. In 2012, Facebook held its
IPO for a total valuation of more than $100 billion (Nasdaq, 2012). Companies use SN for many different purposes such as market research, or recruitment (Hoffman and Fodor, 2010; Heidemann et al.,
2012) and thus the investments in SN activities have rapidly increased in the last years (ExactTarget,
2014). However, the success of these investments and thus the value of SN is threatened by the low
information quality (IQ) of profile information (Pike et al., 2013). According to a survey by Breitbarth
(2012), only 50.5 % of the participants described their LinkedIn profile as complete (LinkedIn, 2012).
Similarly, Abel et al. (2010) found that the average Tweeter user completed his/her profile only up to
48.9 %. Moreover, in a survey by Emedia (2007), 31% of the respondents stated that due to security
reasons they provide fake information about themselves in SN (cf. Consumer Reports, 2012). Also, it
was estimated that about 4% of the Tweeter accounts are fake (DeMicheli and Stroppa, 2013; cf. also
FACEBOOK INC., 2014). Finally, according to another survey, only 44% of the respondents always
keep their social media profile up-to-date (Software Advice, 2014).
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These IQ problems influence the value of SN negatively (Krombholz et al., 2012). Chen (2013), states
that “…the level of self-disclosure…” (p. 661) (i.e. completeness of information) is important for the
SN value and for the success of personalised user services and advertising (cf. also Xu et al. (2013)
and Chen and Sharma (2015)). Moreover, correct profile information is considered to be critical for
the success of marketing initiatives (Alt and Reinhold, 2012; Xu et al., 2013). Finally, current profile
information is vital for the success of recruitment initiatives in professional SN (Probst and Görz,
2013). For example, many professional SN such as Xing (XING, 2013) offer a premium service,
which is especially suitable for recruiters and which success is threatened by the low currency of profile information (Probst and Görz, 2013). We define profile information as any field in a SN profile
which the user can fill-in upon registration and update afterwards. This includes information such as
birthday, education, contact details, or interests (cf. Amichai-Hamburger and Vinitzky, 2010), but excludes any content generated or received by the user such as likes, groups, events, or news feed.
IQ is a multidimensional concept (Wang and Strong, 1996) and the dimensions completeness, currency and correctness, which we call the 3C, are among the most important ones (Agarwal and Yiliyasi,
2010; Lee et al., 2002). In the IQ literature, completeness represents weather a certain attribute value
is missing or not (Cai and Ziad, 2003; Batini and Scannapieco, 2006; Even and Shankaranarayanan,
2007). Correctness, which is also often referred to as accuracy (Batini and Scannapieco, 2006; Even
and Shankaranarayanan, 2007; Fisher et al., 2009), is defined as the degree to which an entered attribute value corresponds to its real-world counterpart at the time of entrance. Finally, currency is defined
as the degree to which a correctly entered (or updated) attribute value “…still corresponds to the current value of its real-world counterpart…” (Heinrich et al., 2009, p.5) at the time of analysis. While
the definition of completeness is straightforward, currency and correctness are related issues (Heinrich
and Klier, 2015). Indeed, violating both dimensions has the same implications, but different causes.
An outdated attribute value was correct at some point in the past, while an incorrect attribute value
was never correct. In the following we define the 3C for profile information in SN. Since profile information may consist of multiple attribute values (e.g. interests), the definitions apply also to a set of
attribute values.
Definition 1: A (set of) attribute value(s) in a user’s profile is correct and current if it/they coincide
with the real-world (set of) attribute value(s) of the user at the time of analysis. A (set of) attribute
value(s) in a user’s profile is/are incorrect if it/they was/were incorrect at the time of entrance. An
attribute value in a user’s profile is outdated if it/they was/were correct at the time of entrance, but do
not coincide with the real-world (set of) attribute value(s) of the user at the time of analysis.
Definition 2: A (set of) attribute value(s) for a given attribute in a user’s profile in a SN is/are complete, if no relevant attribute value(s) is/are missing from the set.
There is a large body of behavioural research literature devoted to identifying the sources of 3C problems in profile information. One of the main reasons for users to provide both incomplete (e.g. no education information) and/or incorrect information (e.g. wrong name) is that they have privacy concerns
(Son and Kim, 2008; Krasnova et al., 2009; Abdesslem et al., 2012; Krombholz et al., 2012; Chen,
2013). Such concerns may be due to the use of their information by third parties (e.g. for marketing or
recruitment) or because of fear of possible harassment (Krasnova et al., 2009). A second reason is that
some users use SN to present themselves in a better light than in reality (Krasnova et al., 2009). For
example, only positive information may be revealed or the profile information may be exaggerated as
opposed to reality (e.g. higher grade). In addition, the completeness of profile information is affected
if users are too introverted to provide information about themselves (Chen, 2013) and the correctness
is influenced by the intentional generation of fake profiles. The latter is done, for example for gathering data, harassing real users, or even for creating false business reputation (Krombholz et al., 2012).
Finally, low currency profile may be due to the lack of social pressure (i.e. the number of profile visitors) to keep the information up-to-date (Probst and Görz, 2013).
To improve 3C in SN, these approaches propose developing practices for changing the user’s attitude.
For example, campaigns that encourage openness may address introversion (Chen, 2013; Chen and
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Sharma, 2015). Also educating users about security risks and introducing better security features may
address privacy concerns (Son and Kim, 2008; Chen, 2013; Chen and Sharma, 2015). However, this
can be very time-consuming, and also difficult to implement, as it requires different solutions for the
different factors influencing low IQ. To address these issues, we develop an automated approach for
improving all 3C in SN profile information. We use the community structure of the SN, where a
community is defined as a set of at least two nodes that have similar characteristics at a certain point in
time (Fortunato, 2010). Our approach extends ideas from other fields, not directly focusing on the 3C.
The first C, correctness, can be connected to the literature regarding the identification of fake or Sybil
user accounts. Most approaches (Cao et al., 2012; Fire et al., 2014) are based on the idea that fake users tend to be friends with other fake users instead of with real users and thus there are very few relations between fakes and non-fakes. The structure of these relations can be used to identify fake and
thus incorrect profiles. For example, Fire et al. (2014) use common friends, “same family”information, common activities such as posts and tags, and other indicators on Facebook to determine
the strength of the connection between two users and thus to distinguish fakes from non-fakes. The
second C, currency, is related to the literature on link prediction in dynamic SN. A link can be any
kind of a relationship such as friendship, common information, or common activities and the link prediction methods identify such potential relationships. Their main idea is that nodes which share similar
neighborhoods today (e.g. a common friends) are more likely to be connected in the future (Lu et al.,
2010; Bliss et al., 2014). For example, Bliss et al. (2014) predict the future reciprocal replies between
Tweeter users by using current neighborhood structures and user characteristics such as word similarity. Soundarajan and Hopcroft (2012) and Li et al. (2014) go one step further by considering the community structure of the SN in addition to the neighborhood characteristics. The third C, completeness,
is related to the works dealing with the identification of missing profile information. One such approach (Mislove et al., 2010) uses the common profile information (e.g. same major, college, year for
students) and the friends’ network in Facebook to predict missing attribute values, by assuming that
users are friends with users who have the same attribute values. Another related work is the one by Li
et al. (2012) who develop an approach for determining the missing home location of Tweeter users.
They use the people followed by the user, by assuming that people follow people who live close to
them. The literature on link prediction discussed above can also be applied to identify missing attribute
values (Soundarajan and Hopcroft, 2012).
The presented approaches are based on the idea that common neighborhoods or communities as well
as common information should be used to identify 3C problems in SN. We borrow this idea by comparing the user’s community with respect to her/his profile information (e.g. interests) with the community defined by her/his activities (e.g. shares likes, etc.). In case they differ, there should be a violation of one of the 3C. Due to currency, our approach also addresses the temporal dynamics of the SN.
We contribute to the literature by presenting an automated approach for all 3C, which can be applied
to a SN that provides some activity functionality. In the next section we present our approach which is
evaluated in Section 3 based on the research SN ScholarMate (www.scholarmate.com). Finally, in
Section 4 main conclusions are drawn and paths for future research are discussed.

2

Methodology

2.1

Basic concepts

We begin by introducing some basic concepts, each of which is time-dependent as we consider the
dynamics of the network. Each user in the SN is represented by a node and denoted by 𝑁𝑗 , 𝑗 ∈
{1, … , 𝑛𝑡 } where 𝑛𝑡 is the number of users in the network at time 𝑡. There are three types of edges in
the SN representing the different relationships between the users. The first edge type is an undirected
friend edge which represents a friendship between two users. The second edge type is the undirected,
attribute-specific information edge. Its label is the (set) of common attribute value(s) between two
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friends for a given attribute and at a certain point in time. For example, if two friends share the interests 𝐼1 and 𝐼2, then the information edge between them will be assigned the label {𝐼1, 𝐼2}. The third
edge type is the weighted, directed, attribute-specific activity edge which, as opposed to the friend and
information edge, is determined over a period of time. Its weight is the total number of activities (e.g.
shares, likes, invitation for events), for a given attribute (e.g. interests), of one user on the profile of
one of her/his friends during the considered time period. We exclude private communication from the
activities (i.e. messages), as it cannot be automatically extracted and has been shown not to bring much
additional information (Jones et al., 2013). The attribute for a certain activity is identified with text
classification methods such as rule-based or SVM classifiers (Aggarwal and Zhai, 2012). For example,
if the user liked a post of one of her/his friends about football, this will be classified with the attribute
“interests”. Thus, we also exclude activities without text (e.g. pictures without description). The activity edge is directed, because a user may be very active on the profile of another user, but the reverse
must not be true. In order to determine an appropriate weight for the activity edge, we need to consider
the quality of the relationship between the users. In particular, if two users are very close to each other,
then they may automatically be more active on each other’s profile, regardless of their profile information and this will bias the estimations about the profile IQ. To account for this, we consider the literature regarding the measurement of the tie strength between two users (Xiang et al., 2010; Jones et
al., 2013; Luarn et al., 2015). According to it, both profile similarities and common activities influence the tie strength in SN, where the former has been empirically shown to be non-significant (Jones
et al., 2013; Luarn et al., 2015). Thus, we account for the tie strength, by dividing the number of activities for a given attribute over the total number of activities (regardless of the attribute) of the user on
the profile of the other user.
Based on these edge types, we define information and activity communities. An information community consists of a set of nodes which are connected with information edges for the same (set of) attribute
values of an attribute. It is denoted by 𝐼 𝑆𝑚(𝐻) 𝑡 , 𝑚 ∈ {1, . . , 𝑘𝑡 (𝐻)} where 𝑆𝑚 (𝐻) stands for the (set of)
attribute value(s) of the attribute 𝐻 which are shared among all users in the community, 𝑡 is the point
in time and 𝑘𝑡 (𝐻) is the total number of information communities in the network for the attribute 𝐻. If
the attribute 𝐻 takes only one value (e.g. the city of residence), then one user will belong to only one
information community for 𝐻, otherwise information communities for a given attribute may overlap.
Activity communities are user-specific and attribute-specific and are denoted by 𝐴𝑡,∆𝑡 (𝑁𝑗 , 𝐻) for the
user 𝑁𝑗 and the attribute 𝐻. They consist of the friends of the user on whose profile s/he was particularly active regarding the attribute 𝐻 over the time period [𝑡 − ∆𝑡, 𝑡] where 𝑡 − ∆𝑡 is no earlier than
the time of registration of the user in the SN. To derive the activity community we only consider the
activity edges originating at the user and ignore the activity edges ending at the user which results in
an undirected graph. Based on these concepts, in the next subsection we present our approach.

2.2

Improving 3C in SN

To illustrate the main idea of our approach, we consider the three cases in Figure 1 where we omitted
the labels and the weights of the edges for simplicity. The user of interest is represented by the node
𝑁1 and in all three cases belongs to the information community 𝐼 𝑆1 (𝐻) 𝑡1 = {𝑁1 , 𝑁2 , 𝑁5 } (e.g. 𝑆1 (𝐻) is
the same set of interests, 𝐻 stands for the attribute “interests”), but to different activity communities. In
Figure 1 a), which represents the present situation, the activity community 𝐴𝑡1 ,∆𝑡1 (𝑁1 , 𝐻) = {𝑁3 , 𝑁4 }
of the user does not overlap with her/his information community. This suggests that the attribute value(s) 𝑆1 (𝐻) in the profile of 𝑁1 do(es) not coincide with the real-world attribute value(s) at 𝑡1 and
is/are thus either incorrect or outdated (cf. Definition 1). For example, if a user shares the same profile
interests with users on which profile s/he is not active, then s/he may either have changed the interest
or never have had them. To determine the exact IQ violation, we need to consider the past community
structure. If in the past the information and activity communities overlapped, as presented in Figure 1
b), then the information is outdated and thus currency is violated. If this was not the case, then the information is incorrect and thus correctness is violated.

Twenty-Third European Conference on Information Systems (ECIS), Münster, Germany, 2015

4

Hristova and Ma /Improving 3C in SN

N4

N1

N2

N4

Figure 1.

N1

N2

N3

N3
a) present

N5

N5

N5

Friend edge
Activity edge
Information edge

b) past

N4

N1

N2

N3
Information community
Activity community

c) present

Possible information and activity communities

Here arises the question of how to define “the past”. To answer this question we consider the definition of currency from the IQ literature discussed above. According to it, currency of a (set of) attribute
values depends on three points in time: the time 𝑡0 at which the (set of) attribute value(s) was entered
(or updated), the time 𝑡0 + ∆𝑡 at which the (set of) real-word attribute value(s) changed, and the time
𝑡1 at which the analysis takes place. Since 𝑡1 is known and 𝑡0 can be determined based on the activity
log provided by most SN (e.g. Facebook, Xing), only determining ∆𝑡 is an issue. To resolve it, we can
use existing literature. For example, in the literature on link prediction (Nguyen et al., 2011; Bliss et
al., 2014), standard time intervals are used (e.g. one day) and the data for each time interval is iteratively analysed. In our case this implies comparing the past and present activity communities for each
time interval from 𝑡0 to 𝑡1 with the corresponding information community. However, this may be too
inefficient for realistic applications. An alternative approach would be to determine the most probable
point for 𝑡0 + ∆𝑡. This can be done based on the IQ literature, for example by using historical data or
expert estimations (Heinrich and Klier, 2015). In the following we will denote the present activity
community of node 𝑁1 by 𝐴𝑡1 ,𝑡1 −(𝑡0 +∆𝑡) (𝑁1 , 𝐻) and the past activity community by 𝐴𝑡0 +∆𝑡,∆𝑡 (𝑁1 , 𝐻).
As opposed to Figure 1 a), in Figure 1 c), which also represents the present situation, the activity
community of the user 𝐴𝑡1 ,𝑡1 −(𝑡0 +∆𝑡) (𝑁1 , 𝐻) = {𝑁2 , 𝑁3 , 𝑁4 , 𝑁5 } overlaps with her/his information
community, so there is no violation of currency and correctness. However, the activity community also
overlaps with an information community to which the user does not belong (𝐼 𝑆2 (𝐻) 𝑡1 = {𝑁3 , 𝑁4 }). This
implies that there are friends of the user on whose profile s/he is active (regarding the given attribute),
who share common information between each other regarding this attribute and do not share this information with the user. Thus, it is natural to assume that the common attribute value(s) 𝑆2 (𝐻) between the nodes 𝑁3 and 𝑁4 may be missing from the profile of 𝑁1 (cf. Definition 2). To make the idea
clearer, consider again the example with the interests of the user. If user 𝑁1 is very active (regarding
the attribute “interests”) on the profiles of users 𝑁3 and 𝑁4 who have the same interest, then it is natural that user 𝑁1 also shares this interest. To sum up, correctness and currency are violated if the user’s
information community does not overlap with her/his present activity community. Completeness is violated if the user’s present activity community overlaps with an information community to which s/he
does not belong. In addition, more than one IQ dimension can be violated as presented in Figure 2 a).
There the user’s activity community does not overlap with her/his information community (correctness
or currency), but overlaps with the information community of her/his friends (completeness).
Based on the above ideas, correctness and currency are validated only by considering the communities
of the user, while completeness is validated by additionally considering the communities of the user’s
friends. This implies that an important condition for the reliable validation of completeness is that the
profile information of the user’s friends satisfies the 3C. However, this must not be the case as pre-
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sented in Figure 2 b). In it, the profile information of the users 𝑁3 and 𝑁4 is either incorrect or outdated and it is also incomplete. However, since the claim that the profile information of user 𝑁1 is incomplete is based on the fact that the profile information of both 𝑁3 and 𝑁4 is correct, current, and complete, we cannot make a statement regarding the completeness of the profile information of 𝑁1 . To
solve this issue, before improving the completeness of the profile information of 𝑁1 , we first need to
improve the 3C of the profile information of the users 𝑁3 and 𝑁4 . However, the completeness of the
profile information of 𝑁4 cannot be improved unless 𝑁6 and 𝑁7 satisfy the 3C. Following this line of
thoughts, we traverse the network until we reach a set of nodes which satisfy the 3C, improving the
correctness and currency of all the nodes on the way. In Figure 2 b), these nodes are 𝑁8 , 𝑁9 , 𝑁10 , 𝑁11 .
Then we improve the completeness of the nodes 𝑁3 and 𝑁6 and recalculate the community structure,
since the profile information changes and so do communities. Afterwards we do the same for the next
level of nodes and so on until the information community for improving the completeness of 𝑁1 consists only of nodes satisfying the 3C. Based on this, we define for each of the 3C a property for validating it. In all cases an overlap must consist of at least two nodes including the user.

N5

N4

N1

N5

N8
N6

N2

N4

N1

N2

N9
N3

N3

N7

N11

Information community
Activity community

a)
Figure 2.

b)

N10

a) Violation of more than one IQ dimension; b) Network aspect of completeness

Property 1 (Outdatedness): A node 𝑁𝑗 is said at time 𝑡1 and for the time span ∆𝑡 to contain outdated
attribute value(s) 𝑆𝑚 (𝐻) of the attribute 𝐻, if the user belongs to an information community 𝐼 𝑆𝑚(𝐻) 𝑡1 ,
which does not overlap with the present activity community 𝐴𝑡1 ,𝑡1 −(𝑡0 +∆𝑡) (𝑁1 , 𝐻) and which existed in
the past and overlapped with the past activity community 𝐴𝑡0 +∆𝑡,∆𝑡 (𝑁1 , 𝐻) for the attribute 𝐻.
Property 2 (Incorrectness): A node 𝑁𝑗 is said at time 𝑡1 for the time span ∆𝑡 to contain incorrect
attribute value(s) 𝑆𝑚 (𝐻) of the attribute 𝐻, if the user belongs to an information community 𝐼 𝑆𝑚(𝐻) 𝑡1 ,
which does not overlap with the present activity community 𝐴𝑡1 ,𝑡1 −(𝑡0 +∆𝑡) (𝑁1 , 𝐻) for the attribute 𝐻
and the attribute value(s) 𝑆𝑚 (𝐻) is/are not outdated.
Property 3 (Incompleteness): A node 𝑁𝑗 is said at time 𝑡1 for the time span ∆𝑡 to contain incomplete
information for the attribute value(s) 𝑆𝑚 (𝐻) of the attribute 𝐻, if the user’s present activity community
𝐴𝑡1 ,𝑡1 −(𝑡0 +∆𝑡) (𝑁1 , 𝐻) for the attribute 𝐻 overlaps with an information community 𝐼 𝑆𝑚(𝐻) 𝑡1 to which the
user does not belong. The nodes in the information community 𝐼 𝑆𝑚(𝐻) 𝑡1 must contain correct, current
and complete information regarding the attribute values in 𝑆𝑚 (𝐻).
Based on these properties, Figure 3 presents our algorithm for improving 3C in SN. We assume that
the information and activity communities were already identified by an approach for community detection (Fortunato, 2010; Aggarwal, 2011). The first five steps of the algorithm consist of checking
whether the profile information of the user satisfies the 3C and removing the attribute value(s) which
are incorrect and/or outdated. Steps 6-10 deal with improving the completeness of the attribute val-
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ue(s). In Step 7 we start at the node of interest and traverse the network until a node is reached which
is incomplete according to Property 3, by improving the currency and correctness of all nodes on the
way. Then, the completeness of this node is improved and duplicates are cleared (Step 8). If the attribute cannot have more than one attribute value in the profile (e.g. city of residence) and this is the case
after Step 7, the oldest value is removed (Step 9). Finally, the community structure is updated and the
next level of nodes is considered (Step 10). This is done until the node of interest is reached again and
it is incomplete according to Property 3. At that point its completeness can be improved as well. During these steps, many nodes other than the node of interest are addressed and their IQ is improved.
These nodes are automatically skipped in Steps 1-5 saving time by avoiding double-checks.
Algorithm for improving 3C in SN
Input: Network at time 𝑡1 consisting of the nodes 𝑁1 , . . , 𝑁𝑛 𝑡 ; Network information communities 𝐼 𝑆𝑚 (𝐻) 𝑡 1 , 𝑚 ∈
1, . . , 𝑘𝑡 1 (𝐻) for all attributes 𝐻; For each attribute 𝐻 the maximum number of possible attribute value(s)
𝐿(𝐻) > 0; Time span ∆𝑡; For each node 𝑁𝑗 , 𝑗 ∈ 1, … , 𝑛𝑡 1 , for each attribute 𝐻, the present activity community
𝐴𝑡 1 ,𝑡 1 −(𝑡 0 +∆𝑡) (𝑁1 , 𝐻) and the past activity community 𝐴𝑡 0 +∆𝑡,∆𝑡 (𝑁1 , 𝐻);
Output: A network where all nodes contain correct, current and complete attribute values;
𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝐻) = 𝑁𝑈𝐿𝐿, 𝐶𝑜𝑟𝑟𝑒𝑐𝑡(𝐻) = 𝑁𝑈𝐿𝐿, 𝐶𝑢𝑟𝑟𝑒𝑛𝑡(𝐻) = 𝑁𝑈𝐿𝐿, ∀𝐻; //initialise the sets of users with
complete, correct and current profile information for the attribute 𝐻 respectively;
For each attribute 𝐻 and each node 𝑁𝑗 , 𝑗 ∈ 1, … , 𝑛𝑡 1
1: If 𝑁𝑗 ∈ 𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝐻) and 𝑁𝑗 ∈ 𝐶𝑜𝑟𝑟𝑒𝑐𝑡(𝐻) and 𝑁𝑗 ∈ 𝐶𝑢𝑟𝑟𝑒𝑛𝑡(𝐻), 𝑗 ← 𝑗 + 1
2: If each information community 𝐼 𝑆𝑚 (𝐻) 𝑡 1 containing 𝑁𝑗 overlaps with 𝐴𝑡 1 ,𝑡 1 −(𝑡 0 +∆𝑡) (𝑁1 , 𝐻), then 𝑁𝑗 is correct
and current and should be added to both 𝐶𝑜𝑟𝑟𝑒𝑐𝑡(𝐻) and 𝐶𝑢𝑟𝑟𝑒𝑛𝑡(𝐻)
3: If 𝑁𝑗 ∉ 𝐶𝑜𝑟𝑟𝑒𝑐𝑡(𝐻) or 𝑁𝑗 ∉ 𝐶𝑢𝑟𝑟𝑒𝑛𝑡(𝐻), identify the sets of attribute value(s) for which the profile
information of 𝑁𝑗 satisfies Property 1 or Property 2 and remove them from the profile of 𝑁𝑗 , add 𝑁𝑗 to both
𝐶𝑜𝑟𝑟𝑒𝑐𝑡(𝐻) and 𝐶𝑢𝑟𝑟𝑒𝑛𝑡(𝐻)
4: If 𝐴𝑡 1 ,𝑡 1 −(𝑡 0 +∆𝑡) (𝑁1 , 𝐻) does not overlap with any of the information communities which do not contain 𝑁𝑗 ,
then 𝑁𝑗 is complete and should be added to 𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝐻)
5: If 𝑁𝑗 ∈ 𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝐻), 𝑁𝑗 ∈ 𝐶𝑜𝑟𝑟𝑒𝑐𝑡(𝐻), 𝑁𝑗 ∈ 𝐶𝑢𝑟𝑟𝑒𝑛𝑡(𝐻), 𝑗 ← 𝑗 + 1
6: 𝑁𝑜𝑑𝑒 𝑁𝑗
7: While 𝑁𝑜𝑑𝑒 does not satisfy Property 3
a. Identify the sets of attribute value(s) 𝑆𝑚 (𝐻) for which the profile information of 𝑁𝑜𝑑𝑒 satisfies
Property 1 or Property 2 and remove them from the profile of 𝑁𝑜𝑑𝑒, set 𝐶𝑜𝑟𝑟𝑒𝑐𝑡(𝐻) =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡(𝐻) ∪ 𝑁𝑜𝑑𝑒, 𝐶𝑢𝑟𝑟𝑒𝑛𝑡(𝐻) = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡(𝐻) ∪ 𝑁𝑜𝑑𝑒
b. Identify the information communities 𝐼 𝑆𝑚 (𝐻) 𝑡 1 , 𝑚 ∈ {1, . . , 𝑘𝑡 (𝐻)} for the attribute 𝐻 to which 𝑁𝑜𝑑𝑒
does not belong and which overlap with the activity community of 𝑁𝑜𝑑𝑒 for the attribute 𝐻 (the
overlap must contain at least two nodes)
c. For each non-empty 𝐼 𝑆𝑚 (𝐻) 𝑡 1 from Step 7.b. and each 𝑁𝑙 from 𝐼 𝑆𝑚 (𝐻) 𝑡 1 , set 𝑁𝑜𝑑𝑒 𝑁𝑙
End
8: Complete the profile information of 𝑁𝑜𝑑𝑒, add 𝑁𝑜𝑑𝑒 to 𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝐻), clear duplicates
9: If 𝐿(𝐻) = 1, and the user’s profile contains more than one attribute value for 𝐻, remove the oldest attribute
value
10: If 𝑁𝑜𝑑𝑒 ≠ 𝑁𝑗 , update the community structure and go to Step 7, else 𝑗 ← 𝑗 + 1.
End

Figure 3.

3

Algorithm for improving 3C in SN

Evaluation

We evaluated our approach by applying it to the research SN ScholarMate, which has more than 2 million members and is the largest research SN in Asia. The data was provided by the owner of ScholarMate, IRIS Systems (Shenzhen). There are several reasons for choosing this SN. First, it is used for
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the assignment of reviewers to projects for funding based on the reviewers’ research interests (Silva et
al., 2013). Thus, it is crucial that the research interests on a user’s profile satisfy the 3C, as otherwise a
project may be assigned an inappropriate reviewer leading to the funding of unsuccessful projects.
Second, due to its narrow specialisation, it allows for a good preliminary evaluation without requiring
additional assumptions and methods. In particular we concentrate on the attribute “research interest(s)” and assume that the activities for these attribute are the likes, comments and shares of research
publications. We determined the activity community of a user as the five users on whose profile s/he
has been the most active for the last 2 years and determined the information communities by applying
overlapping clustering (N’Cir et al., 2015). The main idea of overlapping clustering is that, as opposed
to traditional clustering approaches, it allows an element to belong to more than one cluster. Since a
researcher can work on more than one set of research interests, this is a reasonable method to use. We
concentrated on one of the most active users in the network (after removing test profiles) and based on
the literature (Bliss et al., 2014) extracted all the friends of this user at the first and second level. The
results are presented in Figure 4. They show that the information and activity communities do not always overlap and that the information community of the users suffers from low IQ which needs to be
improved before improving their profile information. To validate our results, we plan to ask the users
for the quality of the profile information by an already developed application.
I

II

III

IV

IV

V

III

V
I
III

Figure 4.

4

II

IV

Node Information Activity
Community community

Property? Information community
1,2

3

12

IV (4,6,12)

1,2,4,5,10

x



Outdated/in Missing
correct
Not relevant I, V

1

I (1,5)

4,5,8,16,17

x

x

Not relevant Not relevant

5

I (1,5)

1,3,6,15,18

x

x

Not relevant Not relevant

2

V (2,10)

1,4,7,13,15





V

III



V

IV

10

V (2,10)

4,11,12,15,25 

13

III (13,15,16) 1,2,4,5,15

x



Not relevant I

15

III (13,15,16) 4,6,7,17,19





III

IV

4

IV (4,6,12)

2,9,12,14,15

x

x

Not relevant Not relevant

6

IV (4,6,12)

4,7,17,22

x

x

Not relevant Not relevant

SN and the results from the first iteration of our approach on ScholarMate

Conclusion, Limitations and Future Research

In this paper we present an integrated approach for improving the currency, correctness, and completeness of profile information in SN. Our approach considers the overlap between the information
and activity communities of the user and also the past community structure. Thus, it can be applied to
any SN providing some interaction functionality. Moreover, the dynamic changes of the SN are considered when improving the currency of the profile information. In addition, our approach is very efficient, because when improving the IQ of one user, it also improves the IQ of other connected users.
We conducted an evaluation on the research SN ScholarMate and received some very promising results. In particular, it is evident that the information and activity communities of the users do not always overlap in reality and that there is an IQ problem in real-world SN addressed by our approach.
The presented approach has some limitations. To begin with, since activity communities are userspecific, it is not straightforward to apply traditional techniques for community detection. Thus they
need to be accordingly modified by future research. A similar problem exists with information communities, where we proposed a method based on overlapping clustering. They are defined on a network level, but a community is formed only if all nodes contain certain attribute value(s). Finally, to
confirm the results, a more extensive evaluation including other SN should take place.
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