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Abstract. Online social networking has become a part of our everyday lives, 
and one of the popular online social network (SN) sites on the Internet is Face-
book, where users communicate with their friends, join to groups, create 
groups, play games, and make friends around the world. Also, the vast number 
of groups are created for different causes and beliefs. However, overwhelming 
number of groups in one category causes difficulties for users to select a right 
group to join. To solve this problem, we introduce group recommendation sys-
tem (GRS) using combination of hierarchical clustering technique and decision 
tree. We believe that Facebook SN groups can be identified based on their 
members’ profiles. Number of experiment results showed that GRS can make 
73% accurate recommendation.  
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1   Introduction 

Face-to-face, voice, email, and video communications are traditional medium of in-
teraction between friends, family, and relatives. The traditional medium takes place 
when two parties had already shared some form of common value: interest, region, 
family bond, trust, or knowledge of each other. Although, on online social network 
(SN) two parties initiate communication without the common values between them, 
they still can freely share their personal information with each other [1]. In the virtual 
world, joining or creating groups and making friends are a click of a button, which 
makes online social networking sites, such as Friendster, MySpace, Hi5, and Face-
book more and more popular and diverse each day [14]. Therefore, online SN’s  
advantages are user friendliness and flexible in cyberspace where users can communi-
cate with others and create and join groups as their wishes.    

Even though flexibility of online SN brings diversity in cyberspace, it can also lead 
to uncertainty. We took University of North Texas (UNT) SN as a sample for our 
research. There are 10 main group types, such as business, common interest, enter-
tainment & arts, geography, music, etc. Six of them have over 500 groups, and four of 
them have range between 61 and 354 groups in each. It is overwhelming to find a 
group that fits a user’s personality. Our study concentrates on identifying inherent 
groups’ characteristics on SN, so that we develop group recommendation system 
(GRS) to help the user to select the most suitable group to join.  
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Groups were created to support and discuss causes, beliefs, fun activities, sports, 
science, and technology. In addition, some of the groups have absolutely no meaning-
ful purpose, but just for fun. Our research shows that the groups are self-organized, 
such that users with similar characteristics, which distinguishes one group from others. 
The members’ characteristics are their profile features, such as time zone, age, gender, 
religion, political view, etc, so members of the group have some contributions to their 
group identity. The group members’ characteristics shape characteristic of the group. 

 Main Contribution: In this paper, we present Group Recommendation System 
(GRS) to classify social network groups (SNGs). Even though groups consist of 
members with different characteristics and behaviors, which can be defined by their 
profile features, as their group size grow, they tend to attract people with similar char-
acteristics [13]. To make accurate group recommendation, we used hierarchical clus-
tering to remove members whose characteristics are not quite relevant with majority 
in the group. After removing noise in each group, decision tree is built as the engine 
of our GRS. In this paper, we show how decision tree can be applied not only to clas-
sifying SNGs, but also used to find value of features that distinguish one group from 
another. GRS can be a solution to online SN problem with the overwhelming number 
of groups are created on SN sites because anyone can create groups. Having too many 
groups in one particular type can bring concern on how to find a group that has mem-
bers who share common values with you. We believe if more and more members 
share common values, the group will grow in size and have better relationship. Thus, 
GRS can be a solution to many SNG issues. 

The rest of the paper is organized as follows. In Section 2, we discuss related work 
done on social network. In Section 3, we describe the architecture and framework of 
GRS. Section 4 presents the performance of GRS. The paper is concluded with sum-
mary and an outlook on future work. 

2   Related Work 

There has been an extensive number of research efforts focused around modeling 
individual and group behaviors and structure, but due to its vastness we restrict here 
to providing only a sample of related research projects. Many researches on social 
networking have been done in mathematics, physics, information science, and com-
puter science based on properties, such as small-world, network transitivity or cluster-
ing, degree distributions, and density ([6],[7],[8],[10], and[11]).  

From research in statistics, Hoff et al. [9] developed class models to find probability 
of a relationship of between parties, if positions of the parties are known on a network. 
Backstrom et al. [2] has done very interesting research on finding growth of network 
and tendency of an individual joining a group depends on structure of a group.  

3   Methodology 

In this section, we cover data collection process, noise removal using hierarchical clus-
tering, and data analysis to construct decision tree. Figure 1 shows basic architecture of 
the group recommendation system (GRS). It consists of three components: i) profile 
feature extraction, ii) classification engine, and iii) final recommendation. 
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Fig. 1. Basic architecture of GRS, which consists of three major components including profile 
feature extraction, classification engine, and final recommendation 

3.1   Facebook API 

The dataset we used in this research was collected using Facebook Platform. Face-
book launched its API to public in May 2007 to attract web application developers. 
The API is available in multiple programming languages: PHP, Java, Perl, Python, 
Ruby on, C, C++, etc. Since Facebook and Microsoft became partners, Microsoft has 
launched developer tools in its Visual Studio Express and Propfly. The Facebook 
Platform is REST-based interface that gives developers access to vast amount of us-
ers’ profile information. 

Using this interface, we had access to student accounts in which privacy setting 
was configured to allow access to its network (default setting). In our research we 
used University of North Texas (UNT) social network on Facebook. During this re-
search we were able to access 1580 users’ accounts. From the accounts, we collected 
users’ profile information, friend connections, and groups where they belong to. For 
our analysis, we selected 17 groups from common interest groups on UNT SN.  
Table 1 shows detailed information of the groups. 

3.2   Profile Features 

The first step of group recommendation system is to analyze and to identify the fea-
tures which capture the trend of a user in terms of its interest, social connection, basic 
information such as age, sex, wall count, notes count and many such features. 
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Table 1. Information of 17 common interest groups on UNT social network including their 
subtype categories, number of members, and description 

Group Subtype Group 
Size 

Description 

G1 Friends 12 Friends group for one is going abroad 
G2 Politic 169 Campaign for running student body 
G3 Languages 10 Spanish learners 
G4 Beliefs & causes 46 Campaign for homecoming king and queen 
G5 Beauty 12 Wearing same pants everyday 
G6 Beliefs & causes 41 Friends group 
G7 Food & Drink 57 Lovers of Asian food restaurant 
G8 Religion & Spirituality 42 Learning about God 
G9 Age 22 Friends group 
G10 Activities 40 People who play clarinets 
G11 Sexuality 319 Against gay marriage 
G12 Beliefs & causes 86 Friends group 
G13 Sexuality 36 People who thinks fishnet is fetish 
G14 Activities 179 People who dislike early morning classes 
G15 Politics 195 Group for democrats 
G16 Hobbies & Crafts 33 People who enjoys Half-Life (PC game) 
G17 Politics 281 Not a Bush fan 

We extracted 15 features to characterize a group member on Facebook: Time Zone 
- location of the member, Age, Gender, Relationship Status, Political View, Activi-
ties, Interest, Music, TV shows, Movies, Books, Affiliations - number of networks a 
member belongs to, Note counts - number of member's note for any visitors, Wall 
counts - visitor's note for member's page, Number of Fiends - number of friends in the 
group.  

Based on analysis of 17 groups, we found some interesting results of differences 
between groups. Figure 2 illustrates gender ratio, age distribution, and political 
view in 17 groups. It is also useful to draw parallel attention between Table 1 and 
Fig. 2. G1 is a friend group, and majority of the members are Female, age between 
20 and 24, and 33% don’t share their political preference. Same 33% are moderate. 
These properties identify G1. Same way we can interpret all 17 groups. Female 
members are majority in G1 (friends group), G4 (campaign for homecoming king 
and queen), G7 (Asian food lovers), G10 (clarinet players), G13 (people who likes 
fishnet), and G17 (Not Bush fan). At same time, majority of G17 consider them-
selves as liberal. Fig. 2(b) shows that majority of all groups are members between 
age 20 and 24. Fig. 2(c) illustrates that majority of G3 (spanish learners), G5 (wear-
ing same pants everyday), G7 (Asian food lovers), G8 (religions group), G10 (clari-
net players), G12 (friends group), G16 (PC gamers) did reveal their political  
preference.  

As we can see that using this property, we can construct a decision tree to make 
better group selection for Facebook users. 
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Fig. 2. (a) Gender ratio of each group. (b) Age distribution ranges of 15 to 19, 20 to 24, 25 to 29, 
and 30 to 36. (c) political preference distribution of the following very liberal (VL), liberal (Li), 
moderate (M), conservative (C), very conservative (VC), apathetic (A), and libertarian (Ln). 
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3.3   Similarity Inference 

One of the frequently used techniques to find similarity between nodes in multidi-
mensional space is hierarchical clustering analysis. To infer similarity between mem-
bers, we use Euclidian distance [12].  

Clustering takes place in the following steps for each group: i) normalizing data 
(each feature value = [0, 1]), ii) computing a distance matrix to calculate similarities 
among all pairs of members based on Eq. (1), iii) using unweighted pair-group 
method using arithmetic averages (UPGMA) on distance matrix to generate hierarchi-
cal cluster tree as given by Eq. (2). 
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where nr is number of cluster in r, ns is number of cluster in s, xri is the ith object in 
cluster r, and xsi is the ith object in cluster s. The Eq. (2) finds average distance be-
tween all pairs in given two clusters s and r.  

Next step is to calculate clustering coefficient to find the cutoff point such that 
noise can be reduced. In Section 3.4 shows finding clustering coefficient.  

3.4   Clustering Coefficient 

Each group has a unique characteristic, which differentiates it from others, yet some 
members within the same group may have different profiles. As these differences 
grow to some extent, these members emerge as an inevitable “noise” for clustering.  

To detect and mitigate this noise thus the group is strongly characterized by core 
members who establish innermost part of the group, we introduce the clustering coef-
ficient (C), which is given by Eq. (3). 
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where Ri is the normalized Euclidean distance from the center of member i, given by 
Eq. (4) hence Ri = [0, 1], and Nk is the normalized number of members within distance 
k from the center, given by Eq. (5) and hence Nk = [0, 1]. 
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where ri is the distance from the center of member i and i = {1, 2, 3, …, M}. 
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where nk is the number of members within distance k from the center, and M is the 
total number of members in the group. 

To reduce the noise in the group, we retain only members whose distances from 
the center are less than and equal to Rx as shown in Fig. 3, where Rx is the distance at 
which clustering coefficient reaches the maximum. 
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Fig. 3. An example of C-vs-Ri plot for finding Rx. This plot illustrates the cutoff distance Rx 
which is the corresponding distance from the center at which the clustering coefficient is 
maximum and gradually decreasing to 1 at Ri = 1. As the clustering coefficient starts to de-
crease, the sparseness of the outer circular members increases more rapidly since the denomina-
tor starts to dominate (greater than numerator) according to Eq. (3). Hence the outer circular 
members or members who have distance from the center greater than Rx to be considered as 
noise and removed.  

3.5   Decision Tree 

The nature of group recommendation system (GRS) is classification type problem. 
Based on a user’s profile features, GRS finds the most suitable groups for a user. One 
solution to classification type problem is decision tree algorithm, based on binary 
recursive partitioning. There are number of splitting rules: Gini, Twoing, and Devi-
ance [3]. To find better result we integrated each of splitting rule to GRS. However, 
test showed no significant improvement in accuracy, which means that final tree does 
not depend on what splitting rule is used to construct the tree [3]. The main goal of 
these splitting algorithms is to find the best split of data with maximum homogeneity 
on each side. Each recursive iteration purifies data until the algorithm reaches to ter-
minal nodes (classes). 

Binary tree consists of parent node tp and child nodes of tl and tr. To define maxi-
mum homogeneity of child node, we introduce impurity function i(t), so maximum 
homogeneity of tl and tr nodes is equal to the maximum change in impurity function 
∆i(t) (given by Eq. (6)), which shows that splitting rule go through all variable values 
to find the best split question xi ≤ xj

R, so that maximum ∆i(t) is found. 

                                           )()()()( rrllp tiPtiPtiti −−=Δ ,                                            (6) 

where Pl and Pr are probabilities of left and right nodes, respectively. Thus, maximum 
impurity is solved on each recursion step and given by Eq. (7). 
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where xj is variable j, xj
R is the best possible variable xj to split, M is number of  

variables. 
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4   Result 

In this research we developed group recommendation system (GRS) using hierarchi-
cal construct and decision trees. To evaluate the performance of GRS, we used 50% 
of data for training and other 50% for testing. For testing, we selected labeled mem-
bers and clustered those using GRS. Accuracy rate is measured by the ratio of correct 
clustered members to total testing members. Figure 4 compares accuracy of GRS with 
clustering and without clustering for noise removal. Average accuracy without clus-
tering was 64%. Meanwhile, after removing noise from each group using clustering 
coefficient method, average accuracy improved to 73%. In other words, average accu-
racy improved by 9%. In addition, 32% of 1580 members or 343 members were 
found to be noise and eliminated.  

 

Fig. 4. Accuracy comparison of GRS with and without clustering where the accuracy is im-
proved by 9% with clustering 

5   Conclusion and Future Work 

It is challenging to find a suitable group to join on SN, especially networks as big as 
MySpace and Facebook. Until now, online social networking has no sign of slowing 
down. While Facebook has 42 million users as of October 2007, there are 67 million 
active users as of February 2008. It has been doubling its size in every six months.  

To improve quality of service for Facebook users, we developed GRS to find the 
most suitable group to join by matching users’ profiles with groups’ identity. The 
system is built using combination of hierarchical clustering and decision tree. After 
removing noise, we achieved 9% average accuracy improvement over without remov-
ing noise and average accuracy of 73%. 

Nature of decision tree is well suited for generating list of most favorable groups for 
user. In our future work, we will improve the GRS by listing a certain number of most 
suitable groups according to the users’ profile. Tree figure on Fig. 1 illustrates that once 
the most suited group is found, other nodes in same sub–tree or neighbor share similar-
ity with the most suited group. This property can be vital to find list of suitable groups. 
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The main concept behind the GRS can be used in many different applications. One 
is information distribution system based on profile features of users.  As social net-
working community expands exponentially, it will become a challenge to distribute 
right information to a right person. We need to have a methodology to shape flooding 
information to user from his/her friends, groups, and network. If we know identity of 
the user’s groups, we can ensure the user to receive information he/she prefers. 

Another research area can be explored is targeted-advertising [4] to individuals on 
social network site. Many advertising technique are already implemented, such as 
Amazone based on users’ search keywords and Google Adsense based on context 
around its advertising banner. In addition, Markov random field technique has 
emerged as useful tool to value network customer [5]. 
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