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Although online communities have become popular both on the web and within enterprises, many of them
often experience low levels of activity and engagement from their members. Previous studies identified the
important role of community leaders in maintaining the health and vitality of their communities. One of
their key means for doing so is by contributing relevant content to the community. In this paper, we study the
effects of recommending social media content on enterprise community leaders. We conducted a large-scale
user survey with four recommendation rounds, in which community leaders indicated their willingness to
share social media items with their communities. They also had the option to instantly share these items.
Recommendations were generated based on seven types of community interest profiles that were memberbased, content-based, or hybrid. Our results attest that providing content recommendations to leaders can
help uplift activity within their communities.
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1. INTRODUCTION

Online communities have become very popular in recent years, both on the internet
and in the enterprise. For example, Matthews et al. [2013] report the existence of
111,577 communities with 487,941 distinct members within IBM’s social media environment, indicating that almost every employee is a member of at least one community.
Organizations make use of communities to increase productivity and share expertise
across global teams. Although many online communities started as forums for question and answering or idea sharing, they have begun to include additional social media
tools, such as blogs, wikis, microblogs, and shared files. Such tools enable the community members to create and share content in diverse ways according to their needs
[Matthews et al. 2014b].
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In the enterprise, communities serve a unique role. Muller et al. [2012] highlight
three “critical differences” between enterprise and web communities: (1) an enterprise
provides a shared context in addition to the context of the community, which can
contribute to a level of trust and common ground; (2) enterprise communities are
typically business-focused, leading to different contents and styles of discussion; and
(3) companies, which require authenticated access and use of real names, eliminate
anonymity and provide greater transparency.
The potential benefits of online communities to the employees and the business
are numerous and may include breaking down organizational and distance barriers
to knowledge sharing and collaboration, improved skills and ability to execute and
retain staff, improved sales, improved speed of execution, facilitation of team work,
and enhanced innovation processes [Matthews et al. 2014b; Matthews et al. 2013].
Despite their proliferation and potential benefits, many enterprise online communities face a challenge of getting their members to participate and contribute and often
fail to strive [Ehrlich et al. 2014; Xu et al. 2013]. For example, Zhu et al. [2014] examined a set of 10,000 most-recently updated communities in a large organization and
found that they had an average of only 10 activities during a period of 2.5 months. Low
participation rates are likely due to the growing number of enterprise communities,
as well as the fact that in a workplace, employees need to carefully choose where they
invest their time; Leftheriotis and Giannakos [2014] and Ehrlich et al. [2014] stated,
“Even in an enterprise setting where online communities augment other business tools,
it is challenging to have members make the connection between the level of community
activity and their own work.”
Various studies identified features characterizing healthy online communities and
strategies of how to encourage and maintain lively communities [Bateman et al. 2011;
Iriberry and Leroy 2009; Kim 2000]. Among others, it has been shown that high-quality
and up-to-date content is a significant contributor to the success of a community. Its
effects can include heightened member activity [Koh et al. 2007], which is commonly
used as an indicator of a community’s health and success [Ehrlich et al. 2014; Iriberry
and Leroy 2009; Matthews et al. 2014a; Muller et al. 2012; Preece et al. 2004].
Community owners, also commonly referred to as moderators or leaders, face the
challenge of keeping their communities alive and relevant. As many communities
suffer from low member engagement, owners often have a hard time supporting the
members’ needs and expectations. Previous studies highlighted the impact of the community owner on ensuring the proper evolution of the community [Gray 2005; Koh et al.
2007]. Engaged owners, who take the role upon themselves, contribute significantly to
a community’s success [Ehrlich et al. 2012]. For example, owners can promote the success of the community by encouraging contributions and discussions and contributing
content themselves [Butler et al. 2007; Kim 2000; Koh et al. 2007]. Supporting the
owner with tools that help manage and boost the community is therefore essential for
the facilitation of a valuable community, which takes the advantage of the potential
benefits mentioned before [Matthews et al. 2013; Xu et al. 2013].
In this paper, we use a recommender system approach to aid owners with their
task of sharing content with the community and ultimately get more members to
participate. Specifically, we study the recommendation of social media content that
enterprise community owners can share with their community. We examine several
community interest profiles, which are based on members’ interests, the content of the
community, or a hybridization of both. Our recommender system is based on a method
from a previous study that explored content recommendation to community owners
by comparing owners’ interest ratings for themselves versus for the whole community
[Ronen et al. 2014]. Our work goes beyond interest ratings to examine the actual
sharing action and its influence on the community.
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To test the quality of the recommendations and their effect on community activity, we
sent four rounds of recommendations to owners of active communities in an enterprise,
over a period of six weeks. We received responses from 1,053 owners of 903 communities in the first round, down to 183 owners of 177 communities in the fourth round.
Owners were presented with social media items such as blog posts, wiki pages, and
bookmarks relevant to their community according to one of seven interest profiles that
we experimented with. For each item, the owners were asked to indicate whether they
would share it with their community. We also provided the ability to instantly share
the item with the community by clicking a button in the survey. In our evaluation,
we compared the impact of the different interest profiles on the motivation of owners
to share the item within the community and on their actual sharing actions. We also
examined how the characteristics of the recommended items, such as their application
source, influenced recommendation effectiveness. In addition, we investigated the impact of the recommendations on the general activity level of the community and the
number of contributing members over the eight weeks that followed the beginning of
our survey.
Our results indicate that recommendations based on the community’s content are
especially effective in influencing owners’ willingness to share them with the community and take real action. We also found that our survey had a significant positive effect
on community activity during the eight weeks following its initiation. This effect was
reflected both through the sheer volume of activity and the number of contributing
members. Overall, our findings suggest that recommendations to community owners
can help raise activity and engagement within the community.
2. RELATED WORK

Our related literature review is divided into three areas: (1) enterprise online communities, who are the target of our study; (2) recommendation to groups and communities,
which relate to our recommendation approach; and (3) engagement enhancement in
social media systems, since a key task in our research focuses on measuring increase
in community activity and member participation.
2.1. Enterprise Online Communities

Online communities are increasingly being deployed in enterprises to grow productivity and share expertise [Matthews et al. 2013]. Early work on enterprise online
communities presented case studies of small numbers of organizationally sponsored
online communities [Millen et al. 2002; Wenger and Snyder 2002; Ebrahim et al. 2009]
that provide a good summary. In the recent few years, with the growing popularity of
both enterprise social media and enterprise online communities, various new studies
have emerged. Muller et al. [2012] examined different types of enterprise communities and how they make the use of social media tools. The two most common types
were communities of practice (a group of people with a common interest or practice)
and teams (working on a shared goal for a particular customer, project, or business
function). In addition, three other types were identified: technical support, idea labs
(for brainstorming), and recreation communities (for leisure activities). Matthews et al.
[2014b] analyzed and surveyed members of 128 workplace communities to examine the
use of different social media tools and found that different communities exercise different combinations and practices. In a qualitative study, Ehrlich et al. [2014] identified
“informal leaders” in enterprise online communities and found they were mostly motivated by wanting to help other members and gaining access to information resources.
Quite a few studies examined practices and measurements for community success
and engagement [Bateman et al. 2011; Fugelstad et al. 2012; Kim 2000; Ma and
Agarwal 2007]. Several highlighted the importance of high-quality content, which can
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lead to an increased activity of the members and plays a key role in the assessment
of a community’s health; Butler et al. [2007], Iriberri and Leroy [2009], and Koh et al.
[2007] stated that useful content leads community members to increase their activity.
In a field study of 77 virtual Korean communities, they found that content usefulness
increased viewing and posting activity.
Leimeister et al. [2004] showed, using surveys, that high-quality and up-to-date content should be provided to maintain the success of a community. Zhu et al. [2014] found
that communities that linked to content of other communities with overlapping topics
had an increased level of activity. Community insights [Matthews et al. 2013] provided
actionable analytics that helped community leaders foster healthy communities. One
of the main actions proposed was the need to identify critical content by owners.
The critical role of owners in a community’s success has been underlined in many
studies [Bourhis et al. 2005; Gray 2005; Huffaker 2010]. Sangwan [2005] surveyed
member satisfaction within a financial knowledge community and stated that the content generated by a community owner, rather than its members, is likely to be critical
to the community’s success. Iriberri and Leroy [2009] showed that owner-generated
content, when fresh and interesting, plays a key role in the success of communities
during their growth stage. Preece et al. [2004] investigated lurking behavior and found
that moderation is critical to the overall success of online communities. Matthews et al.
[2013] stated that although community leaders are critical for fostering successful communities, existing technologies rarely provide them with direct support.
2.2. Group and Community Recommendation

Community or group recommendations have been studied in many domains, such as
TV programs [Masthoff 2004], travel [Jameson 2004], and cooking [Berkovsky and
Freyne 2010]. Many studies focus on the challenge of representing the group’s preferences based on the preferences of the individual members. Techniques range from
aggregating the individual profiles into a single profile that represents the group and
generating recommendations for the aggregated profile [Masthoff 2004] to generating
recommendations for the individual members and aggregating the recommendations
themselves [O’Connor et al. 2001]. Our algorithm uses the first technique by studying the aggregation of interest profiles of three types of community members: owners,
active members, and regular members. Unlike typical group recommendations, which
are provided to all members, our recommendations are targeted to specific owners,
who serve as “proxies” to the community and decide whether to share with all other
members.
In our previous work, we introduced in detail a set of algorithms for recommending
content to community owners [Ronen et al. 2014]. The algorithms were based on the
community’s content (title and metadata), members (different subsets), and combinations of both content and members. That work focused on comparing interest ratings,
given by the owners in a one-time experiment, both to them personally and to the
community as a whole, using recommender systems criteria. It found that the group of
active members was the most effective for increasing interest ratings and that it became
even more effective when hybridized with content. In this work, we apply the same set
of algorithms but focus on their effect on the community. The comparison among the
algorithms is based on owners’ sharing behavior, reflected both through a hypothetical
question and through real action, and the impact of the recommendations on community activity over time. To simulate a more realistic scenario wherein recommendations
are continuously shared, we use four recommendation rounds. As part of our analysis, we discuss the common and difference between the sharing behavior results and
the rating analysis presented in Ronen et al. [2014]. Most prominently, we found that
when it comes to sharing behavior, the content profile outperforms all member-based
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profiles (MBPs). We also examine the effect of new factors, such as community age and
the presentation of related people and tags, on owners’ sharing behavior. Finally, and
perhaps most importantly, we show that the recommendations have a significant effect
on community activity in the weeks that follow the recommendation rounds, both in
terms of activity volume and in terms of active members.
2.3. Engagement in Social Media

In this work, we use recommendations to encourage content sharing by community
owners. Several previous studies have used techniques to promote content contribution and engagement in social media. Freyne et al. [2009] showed that new users of an
enterprise social network site, who were presented with recommendations of relevant
people and content, contributed significantly more content than new users who did
not get such recommendations. Cosley et al. [2007] used intelligent task routing of
Wikipedia articles to editors and showed that it could substantially increase their contribution. Dugan et al. [2010] recommended topics for blog authors to post about. They
found that posts created through their recommender system led to more interactivity
and drove more traffic. Hilts and Yu [2010] investigated two recommendation strategies to encourage debates in a website devoted to climate change discussions. They
showed that the choice of strategy for recommendation can lead to different kinds of
engagement, such as high participation or polarized discussions. In our case, we focus
on the community owners as the target population.
Other ways of increasing the engagement of social media users have been explored
in the literature. In recent years, the domain of gamification has emerged as a way to
incentivize users and increase engagement through the inclusion of playful elements,
such as leaderboards and badges; Cronk [2012], Guy et al. [2015], and Farzan et al.
[2008] developed a point system in an enterprise social media site to reward contribution and observed a substantial increase in activity, over the short term. Kraut
and Resnick [2012] suggested spiking motivation of members to contribute through
the way contributions are being requested and rewarded. Ludford et al. [2004] showed
that indication of similarity and uniqueness of movie ratings could spark contributions.
Visualizations have also been harnessed to increase engagement [Perer et al. 2011].
For example, Sun and Vassileva [2006] developed a motivational visualization encouraging social comparison; this was shown to yield a significant growth in participation
and contribution to peer-to-peer online communities.
3. RECOMMENDER SYSTEM
3.1. Research Platform

Our research was performed over an IBM Connections (IC)1 deployment within IBM.
IC is a social media platform, which includes various social media applications, such
as blogs, microblogs, wikis, discussion forums, activities, bookmarks, and shared files.
Communities contain a subset of these applications that are tailored for use in the
context of a community. A community can thus include a blog of its own, a wiki of its
own, and so on. Communities can be public, invitation-only, or private. They define
two types of users, owners and members. Owners have administrative privileges such
as designing the look of the community, moderating and deleting content, and adding
new owners or members. They do not have an official definition of a management role
within the community. Consequently, there are owners who are not actively involved
in the community, whereas regular members might take the actual leadership [Ehrlich
et al. 2014; Matthews et al. 2014a].
1 http://www-03.ibm.com/software/products/en/conn.
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We measure the activity level of a community by counting the actions that were
performed in the context of the community. These actions can be posting or commenting
on a microblog in the community; creating, commenting on, or liking a blog post of
the community; creating, commenting on, or liking a forum entry of the community;
creating, editing, or liking a wiki page; sharing, downloading, or liking a file; adding a
bookmark; or creating an activity in the community [Muller et al. 2012]. Members are
not automatically updated about new content in the community. They need to actively
follow a community by clicking the follow button on the community’s homepage, which
triggers updates either through an email digest or on their IC homepage. At the time
of this study, the IC deployment included nearly 200,000 communities, of which about
120,000 were public or invitation only. We examined only public and invitation-only
communities, since private communities were not accessible.
3.2. Community Interest Profile

Recommender systems have traditionally used one of two approaches: The contentbased (CB) approach [Pazzani and Billsus 2007] generates recommendation based on
items whose content and metadata (e.g., title, actors, or tags for movies) are similar
to those already liked by the user. Collaborative filtering [Goldberg et al. 1992] recommends items users with similar preferences or tastes have liked, allowing more diverse
recommendations. Hybrid methods [Burke 2002] combine the two approaches and often
show improvement over each separately. In this work, we analogously experiment with
a content-based approach, a member-based approach, and a hybridization of both. One
of our key research questions is which of these approaches would generate recommendations most likely to be shared by owners with their communities. More specifically,
is it better to recommend based on the community’s content or based on the interest
of its members? If the latter, then which subset of the members should be used? And
finally, is it beneficial to hybridize content-based and member-based approaches?
With these questions in mind, we generated recommendations for a community based
on an interest profile. We examined seven interest profiles that were, as mentioned,
either member based, content based, or hybrid. MBPs represented the interest profile of the community members or a subset of these. The content-based profile (CBP)
modeled the community’s interests according to its title and metadata. The hybrid
approach combined the interests of the members with the content of the community.
For generating the profiles and recommendations, we used the algorithm described by
Ronen et al. [2014]. In the remainder of this section, we describe this algorithm and
the intuition behind it.
3.1.1. Member-Based Profiles. We examined three types of MBPs, each based on a different subset of the community members. The first two groups represent the two formal
roles defined by the community (members and owners) and the third group represent
active members of the community, whose importance was recognized in a recent study
of enterprise online communities [Ehrlich et al. 2014]. Specifically, the Members profile
was based on 50 random members (including owners) of the community or on all members of the community if there were 50 members or less. The random sampling was
applied in order to avoid the high computational costs when involving many members.2
The Owners profile considered all the owners of the community. The Actives profile was
based on the set of members (including owners) who were active at least once within
the community along its lifetime, according to the definition of a community’s activity
stated in the previous subsection.
2 We

also experimented with a profile of 100 random members and found it produced very similar recommendations; we therefore opted to use the less computationally intensive version of 50 members.
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Our method for generating the MBPs builds on the method used for recommending
social media items to individual users [Guy et al. 2010]. Individual member profiles
consisted of profile elements that included related people, denoted by P, and related tags,
denoted by T. In our experiments, we set |P| = |T| = 30, as in Guy et al. [2010]. For
the community profile, we considered the individual profile of each of the members and
aggregated them into a single community profile, which itself included 30 people (Pc )
and 30 tags (Tc ). The aggregation of multiple individual profiles into one community
profile was based on the number of members whose profiles contained each profile
element and the relative position (rank) of the profile element in each of these profiles.
For tags, we also considered stemming and inverse document frequency. Below, we
describe the method in more detail.
Let M denote the set of members an aggregated profile was based on. For each member mϵM, we computed an individual profile, denoted as prof (m), which included the
top |P| related people and top |T| related tags, ranked by their relationship strength
to that member. Related people were calculated and ranked based on familiarity relationships reflected in social media, such as explicit “friending,” wiki page co-editing,
file sharing, and others, as well as similarity relationships, such as bookmarking of
the same pages, usage of the same tags, membership in the same communities, and
so on. Related tags included tags used by the member to annotate different entities as
well as tags that were assigned to them by others within an enterprise people tagging
application. Full details of the individual profile calculation can be found in Guy et al.
[2010].
3.1.1.1. Related People. Given these individual profiles, the list of |Pc | people to be
included in the aggregated profile for M was determined according to the following
scoring formula:

2 |P| − rankprof(m) ( p) p ∈ prof(m)
score( p, m) =
0
p∈
/ prof(m)
⎧
⎨
score( p, m) count( p, M) ≥ 2
score( p, M) = m∈M
⎩
0
count( p, M) < 2,

where count(p,M) denotes the number of members in M that included person p in their
individual profile, and rankprof(m) (p) denotes the rank of person p out of all |P| people
included in the individual profile of a member mϵM. The rank of the top person in
the profile would be 0, the second person would get a rank of 1, and so on. Note that
the measure 2|P| − rankprof(m) (p) assigns the top person with a score that is almost
double the score of the bottom person in the profile: 2|P| − 0 = 60 versus 2|P| − (|P|
− 1) = |P| + 1 = 31, respectively, in our case. This is done to limit the influence of
the rank within an individual profile up to a factor of 2. For example, a person who
appears at the bottom of two members’ profiles would get a higher score than a person
who appears at the top of only one member’s profile, with 62 versus 60. Ultimately,
we summed these scores across all members in M, considering people who appeared
in at least two member profiles, to make sure they had at least two different member
“votes,” and selected the top |Pc | according to their score. Thus, the more members
in M a person is related to and the stronger the relationship to them, the higher the
chances of that person to be included in the aggregated community profile. Finally, we
normalized all scores by the score of the top person in the profile.
3.1.1.2. Related Tags. The list of |Tc | tags in the aggregated profile was calculated
in a similar manner, with two adaptions addressing the need for stemming and for
ACM Transactions on Computer-Human Interaction, Vol. 23, No. 4, Article 22, Publication date: August 2016.
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penalizing popular tags, which tend to be very broad and less meaningful. We first
applied stemming [Manning et al. 2008] in order to merge similar forms of tags, such
as “travel,” “traveler,” and “traveling”. The score of a stemmed tag t for the aggregated
profile of M was calculated according to the following formula:

2 |T | − mint ∈stem(t,m) (rankprof(m) (t )) t ∈ prof(m)
score(t, m) =
0
t∈
/ prof(m)
⎧

⎪
score(t, m) count(t, M) ≥ 2
⎨ idf(t) ·
score(t, M) =
m∈M
⎪
⎩
0
count(t, M) < 2,
where stem(t,m) denotes the set of tags in the profile of a member m that convert into
tag t after stemming. Analogously to the people case, count(t,M) denotes the number of
members whose profiles include t and rankprof(m) (t ) denotes the rank of a non-stemmed
tag t out of the |T| tags included in the profile of a member m. Finally, the inverse
document frequency of a stemmed tag t, idf (t) = ln(N/Nt), is computed as the logarithm
of the ratio between the total number of documents in the system (N) and the number
of documents tagged with at least one tag that converts into t after stemming (Nt).
Similar to the vector-space idf score for terms [Manning et al. 2008], the idf score
for tags penalizes popular tags, which are related to many documents. The total score
of the stemmed tag was calculated by summing the scores over all members, for tags
that appeared in the profiles of at least two members. The top |Tc | tags with highest
scores were then selected for the aggregated profile, with their scores normalized by
the highest value. Intuitively, a tag would have higher chances of being included in the
aggregated profile if it is related to more members in M, if the relationship to each of
these members is stronger, and if the tag is generally less common.
3.1.2. Content-Based Profiles. The CBP considered the community’s title (must be
present for any community), description (83.7% of the communities had it), and tags
(79.5% of the communities had tags),3 all typically added by owners at community
creation time. We used the KL + TB measure [Carmel et al. 2012] to identify the
most significant terms (of up to three words) in the extracted content. This method
was previously found effective for term extraction from concise social media content
[Carmel et al. 2012]. The method uses the Kullback–Leibler (KL) measure, which is
a non-symmetric distance measure between two given distributions. In our case, we
sought out terms, in their stemmed form, which maximize the KL divergence between
the language model of the community’s content and the language model of the entire
community collection’s content. On top of the KL statistical score, we applied a tagboost (TB), which promotes keywords that are likely to appear as tags, based on a given
well-tagged folksonomy. For this purpose, we used the folksonomy generated by the IC
bookmarking application [Millen et al. 2006].
Ultimately, a community’s content profile included all terms that had a KL + TB score
that was at least 30% of the maximum KL+TB score of a term in that community. We
experimented with various other thresholds, but found 30% to yield the best tradeoff
between the overall number of extracted terms and their quality.
3.1.3. Hybrid Profiles. We hybridized each of the three MBPs with the CBP by considering both the people and tags included in the MBP and the terms included in the CBP.
Accordingly, the MembersContent, OwnersContent, and ActivesContent profiles were
3 We

did not use the full content of a community’s items, since our initial experimentation indicated they
were often noisy or focusing on very specific aspects of the community.
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defined, consisting of people and tags from the MBP and content terms from the CBP.
We further describe how recommendations were generated for the hybrid profiles in
the next section.
3.3. Recommendation Generation

Given a community profile, we generated recommendations by issuing a query containing the profile elements to a social search system [Ronen et al. 2009], similarly to
the way it was done for an individual profile in Guy et al. [2010]. The social search
system, which is built on top of Lucene [McCandless et al. 2010], indexes social media
documents of different types, including blog entries, wiki pages, shared files, forum
threads, activities, and bookmarks (see [Muller et el. 2012; Perer et al. 2011] for more
details on each of these types). The system maps the relationships among these documents, related terms and tags, and related people, in a way that makes all types of
entities both searchable and retrievable [Ronen et al. 2009]. For the task of producing recommendations, the query to the social search system included a combination of
people, tags, and terms, whereas the results were documents that matched the query,
ordered by their relevance score. Below we describe in more detail the queries and the
calculation of the relevance score.
For the non-hybrid profiles, we retrieved the top 100 documents by issuing an OR
query to the social search system. This query included all the profile elements as its
arguments, each boosted with its corresponding score, calculated as explained in the
previous section. For a profile that included people p1 . . .pu with scores s(p1 ). . .s(pu, ) and
tags t1 . . .tv with scores s(t1 ). . .s(tv ), we issued the following query:
q = ( p1 ∧ s( p1 ) ∨ . . . ∨ pu ∧ s( pu)) ∨ (t1 ∧ s(t1 ) ∨ . . . ∨ tv ∧ s(tv )).
The symbol “ ∧ ” denotes the boosting factor.
For a hybrid profile, consisting of an MBP with people p1 . . .pu scored by s(p1 ). . .s(pu )
and tags t1 . . .tv scored by s(t1 ). . .s(tv ), and of a CBP with content-terms c1 . . .cr scored by
s(c1 ). . .s(cr ), recommendations were created by issuing the following query to the social
search system:
q = (( p1 ∧ s( p1 ) ∨ . . . ∨ pu ∧ s( pu)) ∨ (t1 ∧ s(t1 ) ∨ . . . ∨ tv ∧ s(tv ))) ∧ (c1 ∧ s(c1 ) ∨ . . . ∨ cr ∧ s(cr )).
The query retrieved the top 100 documents that were relevant to at least one person
or tag from the MBP and one content term from the CBP. In this way, we made sure
that the returned documents matched both parts of the hybrid profile.
Upon receiving a query q, the relevance score of a document d in the social search
system was calculated as follows:
⎡
RS(d, q) = e−ατ (d) · ⎣β

u

i=1

sq ( pi ) · w(d, pi ) + γ

v

j=1

sq (t j ) · w(d, t j ) + (1 − β − γ )

r


⎤
sq (ck) · w(d, ck)⎦ .

k=1

Notice that the third and final element of the summation is only relevant for hybrid
profiles, otherwise it is disregarded. In the equation, τ (d) denotes the time in days since
the creation date of d; α is the time-decay factor, used to promote fresher documents (set
in our experiments to 0.025, as in Guy et al. [2010]); β and γ are the parameters that
control the relative weight among people, tags, and content terms. In our experiments,
we set both to 1/3, giving equal importance to all ingredients; Sq (pi ), Sq (tj ), and Sq (ck )
are the scores of the respective profile elements, given as part of the query q; and
w(d,pi ), w(d,tj ), and w(d,ck ) denote the relevance score of the document to the person,
tag, or content-term, as calculated by the social search system (see more details in Guy
et al. [2010] and Ronen et al. [2009]).
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Fig. 1. Two sample recommended items in the survey.

Ultimately, we selected the top 10 items for recommendation in our survey after
applying the following two steps over the 100 retrieved documents: (1) filtering: documents that were already published in the community were filtered out; (2) diversifying:
in order to promote diversity across document types (blog entry, wiki page, and so on),
we used the type as the first sorting criterion and the relevance score only as a secondary criterion. Therefore, we first took the top document of each type, if such existed
among the top 100 documents, and ordered these by their relevance score. We then took
the second of each type, if one existed, and ordered this group by the relevance score,
and so forth until we reached 10 items (documents) in total. Finally, we randomized
the order of all 10 recommendations.
4. EXPERIMENTAL SETUP
4.1. Owner Survey

Our evaluation was based on a survey of community owners that included four rounds
of recommendations. Each round was only sent to the owners who had responded to
the previous round. Rounds were 2 weeks apart over a period of 6 weeks in total. The
owner received a personal email invitation that included a link to the community and
a link to the online survey of the particular round. The email described the survey and
thanked the owner for participating in previous rounds, when relevant (full wording
is provided in Appendix). We opted for a multiple-round survey, since we wanted to
simulate, even if roughly, a real-life situation wherein recommendations are available
on a regular basis, and inspect the effect on communities over time.
In each round of the survey, owners were presented with a set of recommended items.
The first round included 11 items: 10 of them were generated based on one of the seven
profiles described in the previous section, whereas an extra item was randomly drawn
from the social search index to serve as a weak baseline. The position of the random
item within the list of 11 items was randomly selected for each community. Rounds 2
to 4 included five recommendations, all based on the same profile as in the first round.
We opted to present fewer recommendations in the later rounds in order to encourage
participants to take part in additional rounds by reducing the load.
Figure 1 illustrates how recommended items were presented in our survey. Each
recommendation included the title of the item as a link to its IC page. An icon indicated
the type of the item, i.e., forum entry, blog post, wiki page, activity, file, or bookmark.
Additionally, the author’s name, last update date, and the item’s related tags and
related people were presented. Related people included individuals other than the
author, who performed some action on the item, such as commenting, sharing, or liking
[Guy et al. 2016]. Related tags included tags that the item had been annotated with,
if any existed. For each item, the owner was requested to indicate whether s/he would
share the item with the community (yes/no answer). This was a hypothetical question
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Fig. 2. Sharing popup for a forum entry.

that did not trigger any real action. Additionally, optional free-text comments could be
added per a specific recommendation and at the end of the survey.
The owner could also actively perform a sharing action by clicking the “Share with
Community” button, which enabled sharing with the community by creating a microblog message, a forum entry, a blog post, or a bookmark, which was then automatically published in the community. The owner could also choose to share by sending
an email to all community members. Upon selecting one of the five sharing actions, a
popup window would appear with a default text as the content, including the title of
the recommended item and a link to it. The owner could edit the text before it was published in the community (or sent via email). Figure 2 shows a sample popup for a forum
entry. Performing a sharing action was optional and, since this was a survey setup,
we did not expect a huge amount of actions to be executed. Nevertheless, we hoped to
conduct some experimentation with real actions that have an immediate influence on
the community.
The first round of the survey was sent to owners of communities that had at least
five members and at least two owners, to make sure they have a sufficient basis for
producing the MBPs. These accounted for 83% of all public communities. In addition,
we only considered communities for which six activities were performed during the
two months preceding the survey, to make sure we focus on communities that are still
relevant to their members. This left us with a sample of nearly 3,000 communities.
Each community in this sample was randomly assigned to either one of the seven
profiles described before or to an eighth group that served as the control group and did
not receive any recommendations. We sent an invitation to participate in the survey to
at most three owners of each community. We preferred active owners, if existed, since
we reckoned that they would be more eager to take part in the survey. We also made
sure an owner would get at most three surveys for different communities. As stated
before, for subsequent rounds, we only invited owners who responded to the previous
round for the respective community.
4.2. Research Tasks and Hypotheses

Our experiments were designed to address three key research tasks, each with its own
hypotheses, as follows.
RT1: Compare the effectiveness of member-based, content-based, and hybrid profiles
for recommendation sharing by owners
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Table I. Participation Across the Four Survey Rounds
Round

1

2

3

4

Participants
Owners
Communities

1,100
1,053
903

497 (45.2%)
488
447

264 (53.2%)
258
242

184 (69.7%)
183
177

H1.1 Similarly to the case of ratings [Ronen et al. 2014], hybrid profiles outperform
content-based and MBPs.
H1.2 All community profiles are significantly more effective than the weak random
baseline.
RT2: Examine the effect of different characteristics of the community and the recommended items on recommendation effectiveness
H2.1 Community’s age and size have an effect on recommendation effectiveness.
H2.2 Recommended item’s type and presentation of related people and tags have an
effect on recommendation effectiveness.
RT3: Examine the effect of recommendations on community activity in the weeks that
follow, relative to the control group who received no recommendations
H3.1 The number of activities within the community grows as a result of the
recommendations.
H3.2 The number of distinct contributing members grows as a result of the
recommendations.
In addition to these three research tasks, we set out to explore, using both quantitative and qualitative methods, further aspects of recommendation sharing by community
owners, in order to gain a broader understating of this process. These aspects include
owners’ motivations for sharing content, how they behave over time, what tools they
use to share content, and which communities this type of recommendation is more
suitable for.
Our result analysis follows the three key research tasks. First, we analyze the sharing behavior across the seven profiles as reflected both through the hypothetical survey
question (would you share?) and real actions taken through the survey. We then analyze the effects of community characteristics (age, size) and item characteristics (type,
related people and tags) on sharing behavior. Finally, we compare community activity
in the eight weeks following our survey, for communities whose owners received recommendations versus the control group. All the results are described in detail in the
following section.
5. RESULTS

Table I summarizes the number of responses we received in each round and the number of owners and communities covered by these responses. We refer to each response
as a “participant” in the survey, even though participating owners could have multiple
responses that corresponded with multiple communities. In parentheses is the percentage of participants from the previous round who also participated in the current round.
It can be seen that there is a substantial decrease in participation from one round to
another, which gets milder for later rounds: Although less than 50% of round-1 participants continued to round 2, almost 70% of round-3 participants continued to round 4.
Overall, only 16.72% of round-1 participants continued to round 4.
In the survey’s comments, many participants expressed appreciation to the idea of
sharing content recommendation with their community and pointed out various motivations. For example, one owner wrote: “This should help educate team members,
especially new ones, about relevant projects, resources, and ideas” and another commented: “sharing these links helped me show the community I care [. . .] over time I hope
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Fig. 3. Average would-share rates across the four rounds.

Fig. 4. Average would-share rates across the seven profiles.

it can create more sense of community”. Several owners mentioned that they would like
to see the recommendations featured on the community’s page on a regular basis, e.g.,
“at least on a monthly basis.” Another owner summarized her community needs: “the
community wants to know (a) general trends and issues related to <topic> globally;
(b) products and services available in the market; (c) what IBM has to offer; (d) client
opportunities and (e) areas of IBM considering <topic> opportunities”.
5.1. Would-Share Rates

The overall would-share rates, i.e., portion of recommended items for which owners
indicated they would share them with the community, were 27.07% across all rounds
and all profiles. Figure 3 shows the rates across the four rounds, both for all survey
participants and for the 184 participants who took part in all four rounds. The error bars
represent 95% confidence intervals for the would-share rates.4 Overall, there is a slight
decrease from one round to another: Possibly because owners become more selective
when the recommendation process becomes routine. For all participants, there is a
noticeable drop between the rates in round 1 and round 2. For round-4 participants,
there is a small consistent decrease across all rounds. The fact that the decrease is mild
shows that despite the growing challenge, recommendations remain effective also by
the fourth round. It is also noticeable that would-share rates by round-4 participants
in the first three rounds, and especially in round 1, are lower than the average rates
for all participants, indicating that those who continued to the last round were not
necessarily the ones who found the recommendations most suitable to share with the
community in the first place.
Figure 4 shows the average would-share rates across each of the seven profiles, for
round-1 participants and for aggregated participants of all rounds. The dashed line
marks the random baseline, i.e., the average would-share rate of random items in
4 In all figures, error bars represent 95% confidence intervals based on the adjusted Wald method [Brown
et al. 2001].
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Fig. 5. Sharing action distribution by type.

round 1, which was found to be 10.87%. In the first round, the results are partially
similar to interest rating results reported in Ronen et al. [2014]: Among MBPs, Actives
has the highest rates and Members has the lowest; hybrid profiles yield higher rates
than their pure member-based counterparts; and the ActivesContent profile achieves
the highest rates of all. The most noticeable difference from interest rating results,
however, is that the pure Content profile yields high would-share rates, which are
second only to the ActivesContent profile (and equal to MembersContent). It appears
that when it comes to possible sharing with the community, the specific content of the
community plays a more central role and owners are more willing to share items that
directly relate to it.
Welch ANOVA for the first round indicates that would-share rates across the seven
profiles were significantly different, F(68,562.62) = 14.02, p<0.001. Games–Howell
post-hoc comparisons indicate that the average rates of the Members profile were significantly lower than for all other profiles; rates of the ActivesContent, MembersContent, and Content profiles were also significantly higher than for the Owners profile;
and ActivesContent was the only profile with significantly higher rates than for all pure
MBPs.
Inspecting the aggregated results across all four rounds, a general decrease in rates
can be observed compared to round 1. The Content profile, however, suffers a very minor
decrease and becomes equal to the ActivesContent profile. It appears that over time,
owners tended more strongly towards sharing items that related to the community’s
content and thus the Content profile performed best for later rounds (3 and 4).
Overall, our hypothesis H1.1 is rejected: The would-share results are not identical
to the rating results reported in Ronen et al. [2014], where profiles that contained
signals from active members were the strongest. In contrast, we have seen here that
profiles that contain content signals perform better for sharing recommendations. Our
hypothesis H1.2 is supported: All profiles we experimented with perform better than
the weak random baseline.
5.2. Sharing Actions

Overall, 1,033 sharing actions were carried out in our survey across all four rounds,
over 7.23% of all recommended items. These actions were performed for a total of 340
communities (37.65% out of all) by a total of 354 owners (33.62%). For 213 communities
(23.59%), two or more actions were performed and for 64 communities (7.09%), 5 or
more actions were performed. The maximum number of actions per community was
21. Figure 5 shows the action distribution by type. Sharing the recommended item
as a bookmark was clearly the most popular action with almost 50% of all performed
actions. We note that, in general, adding a bookmark is not a very popular action
in a community and accounts for less than 10% of all add-create-share actions in a
community. Apparently, bookmarking was perceived as the most suitable manner to
share a new content piece, possibly as it does not involve any additional content from the
sharer. One of our participants noted: “bookmarking was the fastest and most natural
way to share the content.” Sharing through a forum entry was the second most popular
action. Indeed, forum activities are the most popular among add-create-share actions
in communities and account for nearly 25% of them. One owner explained: “I shared
as a forum entry so I can add some level of description of what the link provides for the
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Fig. 6. Sharing action rates across the four rounds.

Fig. 7. Action rates across the seven profiles.

community”. Sharing the item through a blog or microblog was less popular, possibly
as they are typically characterized by more personal text. Email was very rarely used,
likely as it was more intrusively “pushing” the item to the recipients.
In several cases, owners explained that the specific nature of the community was not
suitable for sharing recommended content. For example, one commented: “My community is very pinpointed [. . .] contains specific actions—files needed by the managers. [. . .]
Other content would add confusion, when my community’s purpose is to provide the material they need + instructions”. Another wrote: “This community was created for team
members to report their status [. . .] Dialog and news are shared in another community.”
A few participants mentioned they wanted better control on how the recommendations
would appear in the community, as one noted: “I see the options for sharing content, but
I am not sure where these should show up or exactly how they are presented. Probably
need to understand more about how to ensure they go to a place that is relevant, but
does not conflict with the more organized approach we are trying to take.”
Figure 6 shows the action rates, i.e., the portion of recommended items for which
a sharing action was performed, across the four rounds, both for participants of all
rounds and for round-4 participants. Similarly to the would-share rates, action rates
dropped from one round to another. The most noticeable decrease was from round 3
to 4. Although would-share rates only slightly dropped from round 3 to 4 for round-4
participants (Figure 3), sharing actions had a sharper decrease, indicating that the
“fatigue effect” is stronger when it comes to real actions, compared to hypothetical
sharing. Additionally, it can be seen that those who continued to round 4 performed
less sharing actions than the general average per round, again implying that the
continuation to later rounds was not necessarily dependent on the perceived quality of
recommendations.
Figure 7 displays the sharing action rates by profile type. Results should be considered with care due to the relatively a low amount of overall actions. Generally, we can
see the same trend as with the would-share rates: Hybrid profiles and Content have
higher rates, whereas pure profiles and especially the Members profile have lower rates.
OwnersContent is the top profile when it comes to action rates, followed by Content,
and then the two other hybrid profiles. It seems that when it comes to real rather than
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Table II. Characteristics of Participating Communities
Size
All
Round 4

Age

Avg

Median

Avg

Median

316.47
393.71

63
69

574.04
582.1

418.5
442

Fig. 8. Would-share rates for old versus young communities.

hypothetical sharing, the owner-based profiles (both pure and hybrid) are better than
the active-based ones. In all, these results support our rejection of hypothesis H1.1:
The CBP is superior to all MBPs and is comparable to the hybrid profiles.
5.3. Community Characteristics

To examine hypothesis H2.1, in this subsection, we inspect the would-share rating
results with regard to two key characteristics of the participating communities: size
(number of members) and age (days between creation date and first round date).
Table II displays the average and median size and age for communities whose owners
participated in the survey across all rounds and also for those who took part in round
4 (i.e., participated in all four rounds). The characteristics of the latter are not very
different from those of all communities, although they are slightly larger and older.
For all participating communities, there was a small positive correlation between size
and age (r = 0.22, p < 0.001).
As Table II indicates, the median age of participating communities was 418.5 days
(about 14 months). Figure 8 shows the would-share rates across the seven profiles for
communities that were created 419 days before the survey or earlier (old communities) versus communities that were created within the 418 days preceding the survey
(young communities). Generally, old communities received significantly higher rates
than young ones: 28.89% versus 26.67%, (one-tailed unpaired t-test, p < 0.05). It appears that owners of older communities, which are typically more established, are more
willing to share content with their members. Inspecting the results by profile type reveals that the profiles that are based on regular members (Members and MembersContent) received higher rates for young communities, whereas the profiles that are
based on a subset of the members (Owners, Actives, OwnersContent, and ActivesContent) received higher rates for old communities. Apparently, as a community becomes
older, its regular member list becomes noisier, whereas the groups of owners and active
members are better established and provide a more effective basis for recommendation,
particularly when combined with content.
Figure 9 shows the would-share rates for communities with 63 members or less (small
communities) versus communities with over 63 members (large communities), across
the seven profiles. Generally, would-share rates were significantly higher for large
communities than for small communities: 28.42% versus 26.98% (one-tailed unpaired
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Fig. 9. Would-share rates for small versus large communities.

t-test, p < 0.05). This may be due to the fact that smaller communities often represent
narrower, more specific, and even ad-hoc topics and thus fewer recommendations will
fit their profile. Inspecting the results by profile type indicates that the Members and
MembersContent profiles receive higher rates for small communities, whereas Owners
and OwnersContent, and especially Actives and ActivesContent, received higher rates
for large communities. It appears that for larger communities, recommending based
on a random subset of the members is less productive, whereas the smaller group
of active members becomes more representative and effective for recommendation,
especially when combined with content.
Overall, we found support for our hypothesis H2.1—both the age and size of a community are correlated with the willingness of owners to share recommendations. We
note, however, that this does not necessarily mean that age and size influence willingness to share, as the other direction is also possible: It could be that having an owner
who is more willing to share information leads to the community surviving longer and
growing faster.
In the survey’s comments, several owners mentioned the recommendation topics were
too broad for the focused topic of their community: “This is a very specific community
and we’re trying to keep a high ‘signal to noise ratio’. Some of these recommendations
are interesting but are not directly related to the goals of the community—improving
collaboration between <dept1> and <dept2>.” On the other hand, some owners mentioned their community is very broad and therefore narrow topics might be irrelevant
for many members. For example, one commented: “The community that I maintain
has 10K members and it is problematic to share links that are narrow in scope [. . .]
for example, because of regional differences it is tricky to propose information that is
geo-specific.”
5.4. Item Characteristics

Overall, we found support for our hypothesis H2.1—both the age and size of a community are correlated with the willingness of owners to share recommendations. We note,
however, that this does not necessarily mean that age and size influence willingness to
share, as the other direction is also possible: It could be that having an owner who is
more willing to share information leads to the community surviving longer and growing
faster.
In this subsection, we focus on hypothesis H2.2. Figure 10 shows the distribution
of would-share rates and action rates for the different types of recommended items,
taking into account all survey rounds. In parentheses is the portion of items of each type
out of the overall set of recommended items. It can be seen that both rates are rather
similar across the different types, with a noticeable difference in favor of bookmarks.
Overall, these results indicate that mixing item types for sharing with the community is
appropriate, as all types produced rather similar results. Bookmarks and blogs, which
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Fig. 10. Would-share and action rates by item type.
Table III. Would-Share and Action Rates Based on the Display
of Related People and Related Tags
None

People

Tags

Both

Portion

49.83%

16.28%

42.81%

8.92%

Would-share rate
(95% CI)
Action rate
(95% CI)

23.81%
(±1.01)
6.36%
(±0.58)

30.48%
(±1.91)
7.77%
(±1.12)

30.48%
(±1.18)
8.11%
(±0.7)

31.42%
(±2.61)
7.58%
(±1.5)

have the higher rates, were also among the more commonly recommended types. Wikis
were most commonly recommended but did not yield better results, thus a negative
boost may be considered for them when scoring recommendations.
Table III shows the would-share and action rates for items with no related people
and no related tags displayed, only one of these, or both. It can be seen that items
with related people, tags, or both, had substantially higher rates than items with no
related people and tags. Guy et al. [2010] studied explanations in the form of people and
tags that relate to both the item and the user. They found that only people-based explanations increased interest in recommendations for individuals, whereas tag-based
explanations had no effect. In contrast, in this work, the recommender displayed people
and tags related to the item but not necessarily to the user. We found that showing either of them increased the willingness of owners to share recommendations. It appears
that with regard to items to be shared with their community, explanations are of high
importance for owners. One of our participants wrote: “More info—description, people,
tags—helps me understand the value to the community [. . .] I wouldn’t share something
I don’t understand, and I probably won’t spend time to learn more except for rare cases
where something in the title makes it especially promising.”
Our hypothesis H2.2 is supported by the results presented in this subsection: Recommendation effectiveness increases for certain types of items (bookmarks and blogs)
and for items accompanied by the presentation of related people and related tags.
5.5. Community Activity Effects

In this key (and final) part of our evaluation, we examined the effect of our survey
on community activity, as previously defined. Community activity is a widely used
measure for community success [Iriberri and Leroy 2009; Matthews et al. 2014b; Preece
and Maloney-Krichmar 2003]. We focused on the eight weeks preceding our survey (the
survey started on August 8th) versus the eight weeks that followed. During the latter
period, rounds of the survey continued every two weeks, until September 19th. In this
analysis, we disregarded any activity that was performed by using the sharing action
in our survey. As mentioned in Section 4, a random eighth of our sampled communities
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Fig. 11. Community activity before and after the survey.

were assigned to a control group who did not receive any treatment, i.e., none of its
owners received recommendations. This group included 366 communities in total.
Figure 11 shows the average activity level for the communities that took part in round
1 (i.e., all survey communities for which at least one owner responded, see Table I) and
round 4, compared to the control group. Note that round-1 communities and round-4
communities are not independent groups: The latter is a subset of the former. Each
data point represents the number of actions within the community along the week that
started with the date marked on the x-axis. For example, the 8/15 data points represent
the number of actions along the week between August 15th and August 21st inclusive.
It is important to note that we compare the behavior of communities that participated
in the survey to those in the control group. There is no point comparing the volume of
activity in the same group before and after the survey, since these could be affected by
external factors. Specifically, the survey started during summer vacation time in many
countries; thus activity was generally low until the end of August and started to rise
back in September.
It can be seen that before the survey started, all three groups had a rather similar
level of activity, whereas after the beginning of the survey, the activity level of both
round-1 and round-4 communities became substantially higher than the control group.
This difference was consistent and stable across all eight weeks that followed the
survey start.
Table IV presents these results in an aggregated way (average and median) for the
entire period of eight weeks before and after the survey. The t-test values indicate
the results of a one-tailed unpaired t-test between the control group and round 1 or
round 4, respectively, including the statistical significance (p), degrees of freedom (df)
and Cohen’s effect size (d). The average number of actions for the control group dropped
from 31.05 (stdev: 34.14, median: 15) in the 8 weeks before the survey to 23.26 (stdev:
26.76, median: 11) in the 8 weeks that followed. As mentioned before, this is due to
the “vacation effect” during August. In contrast, for round-1 communities, the overall
number of actions remained rather steady: 36.96 (stdev: 35.22, median: 17) before
versus 36.22 (stdev: 39.45, median: 16) after. For round-4 communities, the activity
even increased in the eight weeks after the survey from 34.16 (stdev: 34.98, median:
17) to 36.69 (stdev: 40.81, median: 18), in spite of the vacation effect spotted for the
control group. Overall, although before the survey there was no significant difference
between the activity of round-1 and round-4 communities to the control group, after
the survey, both were significantly higher than the control group.
The significant increase in activity observed for round-1 communities was only
slightly less prominent than for round-4 communities. This may imply that one round
of recommendations has a good enough outcome; possibly as it already creates the
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Table IV. Average, Median Activity and Unique Users Within Communities Before and After the Survey
8 weeks before
Average Median

t-test

8 weeks after
Average Median

t-test

Activity

Control
Round 1
Round 4
Round 1—No Action

31.05
36.96
34.16
36.31

15
17
17
17

Control
Round 1
Round 4

18.52
23.4
22.33

11
13
13

Control
Round 1
Round 4

7.09
8.82
9.17

4
5
5

(df=1,267, d=0.17)
p>0.05 (df=541, d=0.09)
p>0.05 (df=937, d=0.14)

p>0.05

23.26
36.22
36.69
35.13

11
17
18
16

(df=1,267, d=0.39)
(df=541, d=0.4)
p<0.01 (df=937, d=0.35)

p<0.01

p<0.01

Activity Excluding Invited Owners

(df=1,267, d=0.19)
p>0.05 (df=541, d=0.15)

p>0.05

16.03
24.72
24.62

9
13
14

p<0.01

6.09
8.66
8.93

3
5
5

p<0.01

p<0.05

(df=1267, d=0.35)
(df=541, d=0.36)

Unique Users

(df=1267, d=0.12)
p>0.05 (df=541, d=0.14)

p<0.05

p<0.05

(df=1267, d=0.21)
(df=541, d=0.23)

effect of owners’ increased awareness and provides them with means for sharing content with their community. Yet, it should also be noted that the number of recommendations in round 1 was double the number in any other round and all owners of round-1
communities received at least two emails—one for round 1, which they accepted, and
one for round 2, since they participated in round 1 (they would not have received the
second email in a one-round setting). Further research should be conducted to examine
the need for continuous recommendation rounds versus one periodic recommendation
round (e.g., every three months).
One can assume that the increase in community activity stems from the sharing
actions enabled in our survey: although sharing actions themselves were not counted
as part of the activity, they may have prompted additional contributions. To further
explore this, we examined the activity level of round-1 communities for which no action
was performed through our survey (63.5% of round-1 communities). Results, shown in
Table IV, indicate that for these communities, the level of activity after the survey was
also significantly higher than for the control group, even though before the survey it
was insignificantly higher. The decrease in activity level after the survey is slightly
higher than for all round-1 communities, indicating that there was indeed a slightly
stronger effect on activity for communities in which action was taken through our
survey. Yet, this difference is small and evidently the effect also exists for communities
whose owners participated in the survey but did not take any active action. This
finding implies that the effect of our survey on community activity spans beyond the
sharing action itself. It could be that owners also took action at a later time or that
the recommendations increased their awareness of the community and led them to
dedicate more attention to it.
We also set out to explore to what extent the increase in community activity is caused
by the participating owner(s) versus by other members who were not directly exposed to
the survey. To this end, we considered the activity performed only by members or owners
who were not invited to participate in the survey. This was done to eliminate any direct
effect of the survey on activity: For example, owners who received the invitation to the
survey, even if they did not respond, might have been reminded of the community and
triggered to contribute. The middle part of Table IV shows the results for this portion
of the activity. It can be seen that the effect observed for the general activity remains
similar: Activity decreased for the control group during the eight weeks following the
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survey, whereas it slightly increased for both round-1 and round-4 communities during
these weeks. The differences between both round-1 and round-4 communities and the
control group before the survey were not significant but became significant afterwards.
Overall, we see that the increased community activity relative to the control group is
caused not only due to the activity of owners who were exposed to the survey, but also
by contributions of other members.
Table IV also presents the average number of unique users who performed at least
one action within the community during the eight weeks before and after the survey
started. Although there is a clear decrease in the number of users for the control group,
there is only a very minor decrease for both round-1 and round-4 communities. These
findings indicate that the effect of our survey on community activity is also reflected in
the overall number of active individuals.
It can be seen that the activity and number of unique users for the control group
were lower before the survey than for round-1 and round-4 communities (even if not
significantly in most cases). We assume that this is due to the fact that the owners
who opted to participate in the survey represent communities that are more active
than the average. Indeed, when checking the activity level for round-1 communities
whose owners did not participate, we found it was similar to the control group and even
slightly lower.
Breaking down these results by profile type reveals that the effect was similar across
all seven profiles. OwnersContent yielded the highest increase in activity, which may
be explained by the fact that it is also the profile that triggered the highest portion of
sharing actions.
Overall, hypotheses H3.1 and H3.2 are supported: Our recommendations increase
both the number of activities and the number of unique active members in the eight
weeks that follow our survey, in comparison to the control group. This increase was not
proved to be a result of the sharing action in the survey; moreover, we found a similar
effect for communities for which no sharing through the survey has occurred.
6. DISCUSSION, LIMITATIONS, AND FUTURE WORK

We reported a broad set of results about the willingness of owners to share content
with their community through recommendations, their actual sharing behavior, and
the effect of recommendations on community activity over time. We found that recommendations based on the community’s content (title, summary, tags) are more effective
than in previously reported results that examined perceived interest but not willingness to share [Ronen et al. 2014]. When it comes to the act of sharing an item with
the community, its relation to the content becomes more central to owners’ eagerness
to share. The effectiveness of community’s content becomes even more important in
later recommendation rounds: Although in the first round the hybrid ActivesContent
was the most effective profile, for later rounds, pure Content was the most effective.
Throughout our experiments, the Members profile consistently achieved the lowest
results among all profiles, which indicates that basing recommendations purely on
random members of the community is not desirable. When hybridized with the content
of the community, however, the profile was shown to become much more effective. We
note that our measurement is solely based on accuracy (i.e., percentage of items owners
would share) and does not take into account other factors that may influence the overall
value of recommendations, such as diversity and serendipity [McNee et al. 2006]; these
may be supported by MBPs through the addition of people and tags that are not directly
related to the community.
Further bisecting the results by community age and size revealed that the Content
and MembersContent profiles were particularly effective for younger and smaller communities, whereas the ActivesContent profile was more effective for older and larger
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communities. It could be that as communities grow in size and age, the profiles that
are based on pure content and/or regular members become noisier, and hybridization
with a presumably more mature group of active members becomes more essential for
providing recommendations that owners would share.
In our survey, we enabled owners to take real action and immediately share an item
with the community. Overall, over 7% of the recommended items were shared with
the communities, resulting in a total of over 1,000 sharing actions made through our
survey. Segmenting these actions by profile type reinforces the superiority of profiles
that utilize the content over the pure MBPs.
We found a substantial difference between the would-share rates and the real action
rates. We conjecture that this gap is mostly due to the survey setup: The survey was
not introduced as a tool that would also allow real action; the sharing action was an
optional feature in the survey, which is not the familiar way of taking action in IC. It
could be that owners wanted to share using the regular mechanisms in IC, with their
own unique user experience and functionality. Additionally, there is likely to remain a
gap between an indication of willingness to share in a survey and taking real action
in practice; would-share rates may therefore be regarded as a form of an upper bound
for taking real sharing action. This is in accordance with our expectation as stated in
Section 4: We did not anticipate action rates to be similar to the “would share” rates
but were rather hoping to experiment with a small amount of real actions, in addition
to the main survey responses.
Bookmarks were the most successful type of recommended item, both with regard to
willingness to share and to actual actions. Additionally, sharing items as bookmarks
within the community was the most popular type of sharing action, despite the generally low popularity of bookmarks as a community content type. These results indicate
a potentially important role social bookmarking [Millen et al. 2006] may play for recommending content to communities through owners, both since bookmarks are a good
source for recommended items and since they serve as a good mechanism to share
recommended items with the community.
Our survey included four rounds of recommendations with two weeks between each
pair of rounds. Our number of participants declined from 1,100 in the first round to
184 in the fourth round, with over half of the participants dropping out before round
2. The participants who continued through all four rounds were not necessarily those
who rated the recommendations higher or shared more items in the earlier rounds,
indicating that accuracy is not the sole factor when it comes to keeping the owner
engaged in sharing the recommendations. There is a mild decrease in willingness to
share over rounds, possibly as owners get used to the process and raise their satisfaction
bar. The decrease in sharing actions is more noticeable and points to a potentially bigger
challenge in keeping recommendations effective over time. Incorporating relevance
feedback and accounting for more diversity (e.g., across the item’s author or topic) can
help maintain the effectiveness of recommendations over time. Displaying the impact of
recommendations on communities over time can also help motivate owners to continue
and share recommended items.
Our results show a clear impact of the survey on community activity in the eight
weeks that followed the beginning of its first round, compared to the control group. This
can be observed both in terms of the total number of contributions and the number of
unique members who were active. These results are encouraging and show that the type
of recommendation we propose can not only trigger potential (and real) sharing by the
owner, but also contribute to the liveliness of the community over time. We found that
the positive effect on community activity existed for all participating communities and
not only those for which the owners took active action in the survey. This implies that
the recommendations have a broader effect that may stem from the owners’ increased
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awareness of the community and of relevant content that may be shared with its
members. Moreover, our analysis found that the effect on community activity spanned
beyond the owners who were invited to participate and included other members who
were not at all exposed to our survey.
6.1. Limitations

In our research for analyzing the sharing behavior, we did not use a complex model
that incorporates all community and item characteristics, but rather inspected each
of these factors separately. We did not apply repeated ANOVA, due to the substantial
decrease in owners’ participation from round to round. When reporting round-1 only
results, we used Welch ANOVA with Games–Howell post-hoc comparisons, since there
was no homogeneity of variances. Throughout the analysis, 95% confidence intervals
are plotted based on adjusted Wald’s test, which fits our data as each item is treated
as an independent test with a possible outcome of 0 (no share) or 1 (share). We believe
that the presented results support our hypotheses as phrased in this paper. Future
research could examine more advanced models to gain a finer-grained understanding
of the parameters to use for recommendation.
In this work, we considered only the community’s title, summary text, and tags for
its content profile. Content originating from the community’s social media applications,
such as blog posts, forum entries, wiki pages, or microblog messages, was not taken
into account. Future work should examine whether these data could be used to further
enhance the CBP. Our initial experimentation indicated that it is too noisy (in addition
to being computationally intensive), but further methods, such as considering only
the title and tags of these content items, or applying text summarization techniques,
should be considered.
One of the core challenges for recommender systems is the cold start problem [Schein
et al. 2002]. In truth, the methods proposed here are not applicable for brand new
communities that do not yet have content or members. Other incentivizing techniques,
such as gamification, can be used to spark initial contribution and then combined
with recommendation methods, when the community already has some members and
activities.
We note that the current mechanisms in IC to draw the attention of community
members to new activity are “soft”: Members need to actively choose to follow the community in order to get content notification updates. With more advanced mechanisms
to update members about new content, engagement has the potential to further increase as a result of content sharing by the owner and the sharing actions’ impact can
be amplified [Guy et al. 2012].
Previous work examined the recommendation of content to create in order to boost
participation in social media. For example, Cosley et al. [2007] introduced SuggestBot,
which recommended Wikipedia volunteers with articles to edit. It should be noted that
the target audience in this case was a group of volunteers with higher commitment
to make contribution. In a closer environment to ours, Dugan et al. [2010] introduced
BlogMuse, a system that suggested topics for blog authors to post. They found that
these recommendations did not increase the total number of authored posts and speculated that posts created through BlogMuse replaced posts that would have been created
otherwise. In our case, due to the generally low engagement level of community members, we opted to use the owners as the target population for recommendation, in the
hope that their sharing of existing content with the members will increase contribution. Our results show that this method indeed increases participation in the following
weeks. Future work should compare with other approaches, such as recommendation
to the entire member population and recommendation of content to produce.
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6.2. Directions for Future Research

There is plenty of room for future research. Further studies in other organizations,
where social media may be used differently, and experimentation in other periods of
the year for longer periods of time, will help reach a better understanding of how to
improve recommendations to community owners. In addition, our survey indicated that
for some communities, often those focused on a very specific task, recommendations are
not likely to be useful. Identifying communities that are suitable for recommendation
can also be an interesting future direction.
Another possible direction is to further personalize the recommendations for each
community. We saw that factors such as community age and size influence the effectiveness of recommendations and change the way they should be produced. Further
personalization can consider the types of items typically shared in the community and
their diversity, the number of owners and active members of the community, or the overall pace of activity within the community. For example, for a community that mostly
interacts through blogs, recommendation of blog posts may be especially productive.
Our participating owners made many enhancement suggestions that can be further
explored in future work, including the ability to post a recommendation to multiple
communities owned by the participant; filter out recommendations from sources already associated with most of the community members; explicitly add keywords that
would be used for recommendation; add learning capabilities from round to round;
use the existing content of the community’s blogs, forums, files, and so on. to further
enrich the recommendations. To better understand the influence on the community,
one participant suggested: “What about a giveback counter which ticked up every time
someone viewed or used a shared document?”
Although our study was conducted within an enterprise, the technique of recommending content to community owners can also be appropriate for online communities
outside the firewall. We are not aware of the existing literature on the topic but hope
this study will elicit more work beyond the enterprise scope, which would have to address challenges such as scale, identity management, and motivating factors outside
the firewall.
7. CONCLUSIONS

We experimented with recommendation of social media items that enterprise community owners can share with their communities. We found that when it comes to sharing
willingness and action, the content of the community, as reflected through its title,
description, and tags, plays a central role and is vital for producing recommendations
owners would share. This is especially true for smaller and younger communities. We
also found that although recommendation is effective across all item types, bookmarks
and blogs are the most productive. In addition, presentation of related people and tags
contributes to owners’ willingness to share items.
Our experiments show a clear and significant effect of the recommendation on community activity over a period of eight weeks. This is reflected in both activity volume
and number of contributing members. This effect includes communities in which sharing through the survey was not performed at all and spans members and owners who
were not invited to participate. These results indicate that content recommendation to
owners can serve as an effective means for boosting participation and contribution in
enterprise online communities.
APPENDIX: EMAIL SENT TO COMMUNITY OWNERS

Dear <Community Owner’s Name>,
This is an invitation to participate in an experiment, which aims at recommending
social media content to owners of IBM Connections communities that may interest the
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entire community. As one of the owners of the <Community Name> community, we are
interested in your feedback about our recommendations. You will be asked to indicate
how likely you are to share IBM Connections items with your community. You will also
have the option to instantly share those recommended items with the community.
The experiment is best viewed in Firefox, Chrome, and IE 9 or above.
Please click here to start. You may be requested to accept our security certificate.
We appreciate your contribution!
Social Technologies Group, IBM Research - Haifa
P.S. You may receive more than one invitation if you are an owner of multiple communities in our sample. Would be great if you can respond for each separately.
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