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ABSTRACT
User related data indicate user interests in a certain envi-
ronment. In the context of massive data from the Web, if
an application wants to provide more personalized service
(e.g. search) for users, an investigation on user interests is
needed. User interests are usually distributed in different
sources. In order to provide a more comprehensive under-
standing, user related data from multiple sources need to be
integrated together for deeper analysis. Web based social
networks have become typical platforms for extracting user
interests. In addition, there are various types of interests
from these social networks. In this paper, we provide an al-
gorithmic framework for retrieving semantic data based on
user interests from multiple sources (such as multiple social
networking sites). We design several algorithms to deal with
interests based retrieval based on single and multiple types
of interests. We utilize publication data from Semantic Web
Dog Food (which can be considered as an academic collab-
oration based social network), and microblogging data from
Twitter to validate our framework. The Active Academic
Visit Recommendation Application (AAVRA) is developed
as a concrete usecase to show the potential effectiveness of
the proposed framework for user interests driven Web per-
sonalization based on multiple social networks.

Categories and Subject Descriptors
H.3.3 [Information Systems]: Information Search and Re-
trieval; H.3.5 [Information Systems]: On-line Informa-
tion Services

General Terms
algorithm, human factors, experimentation
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interest analysis, Web personalization, search refinement
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1. INTRODUCTION
The adoption of personalization has been proved to be an

efficient approach for finding useful information in massive
data on the Web [1, 3, 4]. The advances of Web based so-
cial networks provide various data sources for user interests
extraction. Users might express their interests in different
social network sites. Hence, user interests related data are
distributed in different social data sources. Methods for user
interests integration and analysis are needed to understand
user interests in the distributed environment. In [2], we pro-
vide a weighted function for integrating user interests from
multiple data sources, and validate the proposed function
by the data from various social networks (i.e. Facebook,
Twitter, and LinkedIn). Nevertheless, the analysis of user
interests is restricted to only one type of interests (namely,
research interests), and the paper also did not investigate
on how to use the analyzed user interests. In addition, in
more complex scenarios, the types of user interests varies in
different data sources, and the importance of different data
sources might also be different, but they all might be related
to a specific service (such as personalized search).

In this paper, we investigate on how to utilize interests da-
ta in personalized Web search from the algorithmic perspec-
tive. More importantly, we provide an algorithmic frame-
work for interests based retrieval in the context of multiple
interests types from multiple data sources (social networks).
In order to validate the proposed algorithms, we develope-
d the Active Academic Visit Recommendation Application
(AAVRA) based on academic social networking data (from
Semantic Web related publication network) and microblog-
ging data from Twitter. (We restrict our processing data
to RDF/OWL semantic data. Other types of data need to
be transformed to RDF/OWL format so that they can be
processed under the same framework and platform.)

2. AN ALGORITHMIC FRAMEWORK FOR
INTERESTS BASED RETRIEVAL

Interests based retrieval method emphasizes that user in-
terests is one of the most important heuristic factors for
finding most relevant RDF triples to a specific user in the
context of Web-scale knowledge bases [6, 7].

Interests can be divided into different types. Such as re-
search interests, interests for visiting a place, interests for
collaborating with someone on a paper, etc. In the simplest
case, there is only one type of interest related relationship,
such as someone “collaborate with” someone, or someone



“visited” a place (Here “collaborate with” and “visited” are
relationships that define one type of interest respectively).

In this section, we are going to provide an algorithmic
framework for interests based retrieval in the context of s-
ingle types of interests and multiple types of interests from
multiple social networks.

2.1 Interests Based Retrieval with Single In-
terest Type

For single interest type, we firstly consider that a specific
user only have one interest, and the selection process is only
based on this specified interest.

Let i be a specific interest, and f(t, i) be an evaluation
function that represents the frequency of the interest i’s ap-
pearance in the triple t (namely, f(t, i) is a nonnegative inte-
ger) in the triple set T (T = {t | t =< s, p, o >}). Triples in
T are ranked according the value of f(t, i). Interests based
retrieval strategy assumes the end user is interested in the
triples that contain i, no matter which positions it appears
in the RDF triple (Namely, the positions of subject, predi-
cate, and object are all considered).

Let R(t, i) be the ranked number of the triple t in the
ranked triple set T ′ according to f(t, i) (Namely, R(t, i) is
a positive integer). R(t, i) is negative relevant to f(t, i),
namely, for two arbitrary triples t, t′ ∈ T ′, they satisfy that:

f(t, i) > f(t′, i) =⇒ R(t, i) < R(t′, i).

Algorithm 1 (denoted as IRSI algorithm) illustrates the
major steps for interests based retrieval with a single inter-
est. The retrieval process is an iterative process. Each time,
Top-K triples according to f(t, i) are selected for process-
ing. If there is still extra time, another Top-K triples will
be selected from the rest of the triple set.

Algorithm 1: Interests-based Retrieval with a Single
Interest (IRSI)

Input: user interest i, original RDF triple set T
Output: a set of Top-K triples

1 Begin
2 Calculate f(t, i) for each t ∈ T , and obtain R(t, i) according

to f(t, i);
3 Re-rank each t according to R(t, i) and generate an ordered

triple set T ′;
4 Select Top-K triples from T ′ as output and mark the

selected triples for further processing;
5 If time allows and the user are not satisfied with the selected

triples, output the selected triples from Step 4, and check
whether unselected triples are available. If yes, goto Step 4
to select new triples from T ′, else, go to Step 6;

6 End

In most cases, a specific user may have multiple interest-
s, which can be denoted by different interests terms. Each
interest may be quantitatively evaluated. Hence, the selec-
tion of interesting triples is based on a weighted evaluation
function.

Let im be the mth interest in the interests set I (i.e. im ∈
I), F (t, I) be the weighted evaluation function for selecting
RDF triples, and it is defined as:

F (t, I) =

n∑
m=1

ωmf(t, im), (1)

where ωm is the weight for the interest im according to a
specific interest evaluation function. The interest evaluation

function that assign a weight to a specific interest can be de-
fined from different perspectives (e.g. cumulative interests,
retained interests, interests longest duration, and interest-
s cumulative duration function introduced in [6, 7] can be
used). The original triple set T is re-ranked to an ordered
triple set T ′ according to F (t, I). The rank number of the
specific triple t in the ranked triple set T ′ is represented as
R(t, I), and it is negative relevant to F (t, I). Namely, for
any two arbitrary triples t, t′ ∈ T ′, they satisfy that:

F (t, I) > F (t′, I) =⇒ R(t, I) < R(t′, I).

Algorithm 2 (denoted as IRMI algorithm) focus on inter-
ests based retrieval with multiple interests.

Algorithm 2: Interests-based Retrieval with Multiple
Interests (IRMI)

Input: original RDF triple set T
Output: a set of Top-K triples

1 Begin
2 Select an interest evaluation function from [7] and acquire a

set of interests I as well as their values;
3 Calculate f(t, i) for each t ∈ T and i ∈ I;
4 Calculate F (t, I) for each t ∈ T according to Equation 1 (the

weights of each interest is decided by the interest value
calculated in Step 2), and obtain R(t, I) according to F (t, I);

5 Re-rank each t according to R(t, I) and generate an ordered
triple set T ′;

6 Select Top-K triples from T ′ as output and mark the
selected triples for further processing;

7 If time allows and the user are not satisfied with the selected
triples, output the selected triples from Step 6, and check
whether unselected triples are available. If yes, goto Step 6
to select new triples from T ′, else, go to Step 8;

8 End

Theoretically, it would cost more processing time com-
pared to only considering one interest, nevertheless, the se-
lected triples by Algorithm 2 would be much more relevant
to the user compared to the results from Algorithm 1. In [7],
we provide concrete examples on how to utilize the proposed
algorithm in personalized scientific literature search.

2.2 Interests Based Retrieval based on Multi-
ple Data Sources

On the Web platform, a specific user’s interests might
be distributed in multiple data sources (such as various so-
cial networks). If the interests related triples from different
sources only describe one type of user interests, then Al-
gorithm 1 and Algorithm 2 can be used for ranking and
selecting RDF triples. If they belong to different types of
interests, they need to be organized as different sub triple
sets and ranking among these triple sets need to be done
before analysis on each type of interest.

Let T be a set of triples that contains different types of
user interests. They are divided into different sub triple
sets according to some constraints and an ordered set of
sub triple sets (denoted as T ′) is generated (i.e. T ′ =
{T1, T2, ..., Tn}). The order of these sub triple sets is based
on specific application scenario. Let Tx and Ty be two ar-
bitrary triple sets that contain different types of interest-
s. Their rank orders are assigned according to a specific
scenario. For example, R(Tx) < R(Ty). In this case, the
retrieval process will be executed on Tx first, when all the
triples in Tx are processed, then the retrieval process will go



to Ty. Within Tx ( or Ty), Algorithm 1 and Algorithm 2 are
used for ranking of triples for Top-K triples selection. This
process is formalized as Algorithm 3.

Algorithm 3: Interests-based Retrieval based on
Multiple Data Sources (IRMDS)

Input: triple set T with RDF triples from multiple sources
Output: a set of Top-K triples

1 Begin
2 Categorize the original RDF triple set T into several sub

sets according to their types.
3 Rank the sub sets into an ordered triple sets

T ′ = {T1, T2, ..., Tn};
4 Select an RDF triple set Tx from the set of ordered RDF

triple sets T ′ for further processing, and delete the selected
one from T ′;

5 Apply Algorithm 1 and Algorithm 2 within the selected
triple set;

6 If time allows, goto step 2;
7 End

The assignment of sub triple sets orders is usecase sensi-
tive, and may differ from each other in different scenarios
according to different requirements in various usecases. If
the multiple data sources are various social networks, the
order of triple sets can be based on different social relations
from these social networks. A target data driven method for
automatic data sources order generation is discussed in [5].

3. ACTIVE ACADEMIC VISIT RECOMMEN-
DATION APPLICATION : A USECASE

In this scenario, we aim to provide an Active Academic
Visit Recommendation Application (AAVRA for short) for
scientific researchers in an active way as long as their per-
sonal information can be acquired through (semantic) data
on the Web. Users need to log in the system with their name
or account, and specify which country or city they want to
visit. Then, the recommendation system will extract their
interests from multiple data sources to automatically build
their interests profiles for recommendation.

In this scenario, the Semantic Web Dog Food (SWDF for
short) dataset1 is used. In addition, user related data (such
as user profile information, persons whom the user follows,
and tweets that the user wrote) are generated as an RDF
triple set from Twitter in real-time.

User interests can be divided into many types. For SWDF
data, author-publication related triples reflects specific au-
thors’ research interests and their interests in collaboration
with other authors. For Twitter data, they reflect user-
s’ interests on certain topics and their interests in follow-
ing someone, or commenting on, or retweeting their tweets.
These types of interests are considered to be different from
each other. Hence, this scenario is designed to be used to
verify the interests based retrieval method based on multiple
interests types from multiple data sources.

In AAVRA, we want to help users find interesting places
for academic visit automatically and actively. Since the sce-
nario is restricted to academic visit, we emphasize that if a
user is interested in collaborating with someone from a place
(namely, the explicit or potential collaborators are the us-
er’s interests), then he/she is interested in visiting the place.

1RDF/XML dumps of Semantic Web Dog Food data:
<http://data.semanticweb.org/dumps/>

The recommendation is designed to be based on explicit and
potential personal relationships. In our study, we generate
the ranking of different interests types based on the types of
social relations from various social networks.

Here we consider 5 levels of interests for a specific user in
this scenario, and we have the following predicate denota-
tions as constraints to formalize these levels:

• SWDF (p) : p is a person who is an author in the
Semantic Web Dog Food dataset.

• CoauthorSWDF (p, u) : p and u are two arbitrary per-
sons who satisfy SWDF (p)∧SWDF (u), and they are
coauthors based on the record in the Semantic Web
Dog Food dataset.

• PCoauthorSWDF (p, u) : p and u satisfy SWDF (p) ∧
SWDF (u) ∧ ¬CoauthorSWDF (p, u).

• Twitter(p) : p is a person who owns a Twitter account.

• TFing(u, p) : p and u are two arbitrary persons who
satisfy Twitter(p) ∧ Twitter(u) and u is following p.

• SIT (p, u,K) : p and u satisfy Twitter(p)∧Twitter(u),
and they have at least K interests in common based
on the analysis of their Tweets.

Recommendations in different levels of interests for AAVRA
can be decided by the following formula in Table 1:

Table 1: Interests Level Division for AAVRA

Level Triple
Set

Formula

1 T1 CoauthorSWDF (p, u) ∧ TFing(u, p)
2 T2 CoauthorSWDF (p, u) ∧ ¬TFing(u, p)
3 T3 TFing(u, p) ∧ PCoauthorSWDF (p, u)
4 T4 TFing(u, p) ∧ SIT (p, u,K) ∧ ¬SWDF (p)
5 T5 TFing(u, p) ∧ ¬SIT (p, u,K)¬SWDF (p)

As can be observed in Table 1, different levels of interest-
s correspond to different sub data sets generated according
to different social relation based combinatorics strategies.
Based on the context of this application, we assign that:
R(T1) < R(T2) < R(T3) < R(T4) < R(T5). Hence, accord-
ing to Algorithm 3 in Section 2.2, the recommendation will
be executed over these levels of interests sequentially.

The whole system is developed as a workflow and run on
the Large Knowledge Collider (LarKC) platform 2, with sev-
eral plugins performing different functionalities. The work-
flow for the AAVRA usecase is shown as follows:

Twitter-Interests Identifier → SWDF Identifier →
Interests-based Selector → Geo-Location reasoner

Twitter-Interests Identifier is used to identify interesting
contents from Twitter that are related to specific users (e.g.
following, tweets, profiles). SWDF Identifier is used to i-
dentify relevant triples that are related to the specific user

2LarKC: A massive semantic data processing platform for
the Web <http://www.larkc.eu>.



(e.g. coauthors and affiliation related triples) from the Se-
mantic Web Dog Food dataset. Interests-based Selector is
used to select user interests related triples through differ-
ent combinatorics analysis strategies introduced in Table 1.
Geo-Location reasoner is used to find the location of the
recommendation according to the affiliation of recommend-
ed candidates and mark recommendations on Google Maps.

Table 2 presents a partial example on different levels of
interests for “Frank van Harmelen” in AAVRA by using Al-
gorithm 3. The results are provided to the end users levels
by levels. The recommendation places for academic visit are
based on these selected persons. In Table 2, The ratio of rec-
ommendation is acquired by Number of recommended results

Problem Space
.

The problem space is the total number of authors who satis-
fy SWDF (p) or TFing(”Frank van Harmelen”, p), name-
ly 7131 persons. As has been indicated in this example, the
number of possible recommendations can be dramatically re-
duced (only 0.883% of the persons in the problem space are
recommended), and the recommended ones are highly rele-
vant to the end user’s background and requirement. Within
a specific level, results can be ranked based on Algorithm 1.

Table 2: Different Levels of Interests for “Frank van
Harmelen” in AAVRA

Interests
Levels

Ratio of
Recom-
mendation

Sample Results

1 0.014% Paul Groth
2 0.210% Spyros Kotoulas(3), Jacopo Ur-

bani(3), Eyal Oren(2), Henri
Bal(2), Zharko Aleksovski(2), ...

3 0.154% Kalina Bontcheva, Lynda Hard-
man, Steffen Staab, Denny
Vrandecic, Ivan Herman, ...

4 0.505% Stefano Bertolo, Dan Brickley,
DERI Galway, Web Founda-
tion, Ontotext AD ...

Figure 1: Academic Visit Recommendation for
“Frank van Harmelen” to the U.K.

Figure 1 presents an example of academic visit recommen-
dation to the U.K for the user “Frank van Harmelen”. Some

recommendations are made based on his potential collabo-
rators (authors in the Semantic Web Dog Food, but still not
collaborators) and at the same time serves as persons whom
the user follows on Twitter (i.e. interests discussed in Lev-
el 2). The recommended places are: University of Sheffield
(where Kalina Bontcheva is from), University of the West of
England (where Richard McClatchey is from), etc.

4. CONCLUSIONS
In this paper, we have discussed how the interests from d-

ifferent social networks can be integrated and ranked. Social
relations from different social networks are used for deriv-
ing and ranking different types of interests. The validation
results of AVVRA shows that a specific personalized applica-
tion (more specifically personalized search and recommenda-
tion system) might require the support of interests analysis
and ranking from multiple social networks, and the recom-
mendation results are much more comprehensive compared
to the use of only one data source. The proposed algorith-
mic framework serves as an applicable approach for interests
based retrieval under the context of multiple social networks.
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