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ABSTRACT: In the context of the National Agency of Research project “Miipa-doc”, we develop a new type of Knowledge
Organization System (KOS) called Hypertagging based on the tagging of electronic documents and the principles of faceted
classification. It was designed to simplify the tasks of information management for the organizations’ staff. In this paper, we
propose a new recommendation model and algorithm which are based on a faceted classification by level in the aim to
facilitate the documents’ indexing. This approach exploits the user trace indexing of his/her documents to learn about the
user preferences and then to produce their recommendations. Consequently, these recommendations will provide a kind of
knowledge base aiming at improving document  ranking and highlight most relevant information that meeting user  needs.
This model is based on a statistical method called Association Rules (AR) using an Apriori algorithm to generate the
recommendations.
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1. Introduction

Recommender Systems (RS) and Information Filtering (IF) are recently used in multiple domains like digital libraries and online
advertising. They aim is to present the information (movies, music, books, news, images, web pages, etc.) that interest users. In
this context, social bookmarking systems and folksonomies uses RS to suggest interesting items for users. A folksonomy is
defined by the fact of sharing social resource between different users, while their assigning keywords called "tags". These
systems are distinguished by the type of resource they support. Among the most popular social bookmarking systems, we cite
Flickr2 and Youtube3 for media, Connotea4 and CiteUlike5 for scientific references and del.icio.us6 for web bookmark sharing. All
these bookmarking services use tags to facilitate and to speed up the search and navigation tasks. To assist user in the process
of resource describing, recommendation framework are integrated in tagging activity. In the context of NAR “project Miipa-
Doc” (Methods and Integrated Services for Institutional and Participatory Content Faceted Classification Documentaries
complexes), we develop a new type of Knowledge Organization System (KOS) called Hypertagging [1] based on the tagging of
electronic documents and on the principles of faceted classification. According to Gartner Inc, "The company employees spend

1 National Agency of Research
2 www.Flickr.org
3 www.youtube.com
4 www.connetea.org
5 www.citeulike.org
6 www.delicious.com
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30 to 40% of their time to create, search, find, rearrange, and organize their documents. To overcome these problems, it is
necessary to reduce the cognitive effort of the user and to ease the tracking of good facets and tags to classify its documents.
In order to deal with these problems, several researches [2, 3, 4] propose a tag recommendation solution in the web field
(websites, bibliographic resources, social networks links, etc.). These solutions are only based on user-resource-tag tripartite
graphs and consider only the level of tag. In this paper, we propose an enhancement for the previous solutions. In fact, our
solution is based on a new model quadripartite user-resource-facet-tag. We tried to exploit the facet level consisting in a class
of tag in the aim to reduce the number of item by eliminating from the outset not interesting facets.  In fact, when adding another
level that filters items, their computation will be concentrated on relevant items only which provide more precise results.

In this paper we propose a new model of RS for faceted classification, called by level to assist the user in tagging documents. This
approach takes into account the hierarchical structure of KOS faceted (facets and tags). In addition, tags in KOS system are
grouped into classes called Facets or dimensions unlike tags clouds.

Tags clouds Facets

Therefore, the amount of data processed is significantly lower than baseline. Recommendations are generated at two levels, of the
facets in the first time and second time the tags.  Indeed, we propose a recommendation algorithm inspired from association rules
principles. The same algorithm is used to meet two objectives: the recommendation of facets and the recommendation of tags.
This paper is organized as follows. Section 2 presents an overview of the related works in the field of recommendation systems:
principles and techniques of the existing recommendation systems, the operating principle of association rules and their applica-
tion areas. We present in section 3 the context of our work especially Hypertagging components. Then, in Section 4 we introduce
our model of recommendation per levels in a faceted KOS. We describe in Section 5 the algorithm process. Finally, Section 6
concludes the paper and present future perspectives of this work.

2. Related Works

2.1 Recommendation and bookmarking on line
The purpose of a recommendation system is to "recommend items (also called resources) to users related to their preferences and
expectations. The aim is both to minimize the time spent on research and to suggest relevant items that would not be consulted
spontaneously and increase their overall satisfaction"[5]. Recommendation approaches of tags used in the tools of "Social
bookmarking" can be presented in various ways. From a user perspective, they may have to make a blind tagging as to CiteUlike
[6].

The system could suggest the user’s most recent used tags or tags from the content analysis of pages to tag (page title, metadata,
site name, page text), and when entering tags already stored in the user space systems like Diigo7. On other sites like Flickr, the

7 www.digoo.com
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user can see other users’ tags. On a system like Delicious, users can receive suggested tags of other users or their own tags [7,
8, 9].

Apart of these techniques, other solutions would be applicable in our KOSs, such as determining upstream of formal constraints
between the values of facets with a thorough analysis of business processes and activities as in method ISIS (Integrated
Semantic Information Services) [10]. However the latter type of top-down approach appears to be inappropriate for our goals of
effective ownership of the tool by users in order to alleviate the burden of information management tasks regarding the business
activities [11]. Therefore we prefer a more bottom-up approach, which in the long term, is expected to observe new elements of
analysis of business processes in organizations.

There are three types of recommendation techniques: filtering based on content [12], collaborative filtering [4], and hybrid
filtering [13]. The first type consists is comparison between the user profile content items, while the second type takes into
account the judgment of users on shared items leading to the discovery of neighboring users. The latter type combines both
filtering based on content and collaborative filtering.

The recommendations may be made at two levels: when looking for relevant items or in their indexing step. Unlike works that use
tags in the research phase to reformulate and expand the user queries [11], our approach supervises and assists the user during
the documentary classification in order to suggest appropriate tags in the indexing phase.

2.2 Association rules
The method of association rules was introduced by [14] in the aim to analyze the consumer’s basket. It is based on rules like "If
a customer buys milk and bread then he/she will buy in the same time jam". More formally, an association rule takes the form
X→Y, where X ⊂ I, Y ⊂ I, X ∩Y= Ø where I is the set of items. A rule is composed by an X-antecedent and a part composed of a
set Y disjoint from X. Two metrics are used to indicate the performance of rules: support and confidence.

-The support shows the proportion of transactions where the itemsets X ∪ Y regarding the whole transactions.

Sup (X→Y ) = P (XY )

-The confidence is the proportion of transactions where the itemsets X ∪ Y regarding the transactions where the itemsets X.

Conf (X →Y ) = P (XY )
P (X)

In the aim to determine the frequent itemsets and to generate recommendations rules through the measurement of support and
confidence proposed by the Apriori algorithm [15]. This is the first search algorithm of the most frequent pruning including steps
to take into account the exponential increase in the number of candidate itemsets.

Mainly the association rules were used in the marketing field, and then it has spread to other application areas with different
objectives such as: query reformulation in Information Retrieval (IR) [16], the folksonomies’ structure [17], analysis of co-
occurrences between the terms. In Information Retrieval, association rules have been integrated, for example, with ontologies to
expand semantic queries [18], and for the improvement of a system of information retrieval in XML documents [19]. Association
rules are also used for the recommendation. Indeed, [20], have developed a recommendation system based on the content of the
pages already visited by the user (user trace) to help him in his next surfing in the Web. Moreover, in [3] they were used to increase
the accuracy of predictions of tags.

We have some differences from [3] research at several points. First, the type of input data is different: [3] exploit the polarity of
tags, while we propose a new approach by recommendation levels (facets and tags) and we use tags created freely by the user and
considered positive tags. Furthermore, the purpose of using association rules is also different. They serve, for them, firstly to
improve the prediction of tags by extending the queries that are performed with a single tag, and secondly, to increase the rate of
return if the URL become rare (indexed once or twice). In our approach the association rules are used, initially, at the recommen-
dation of facets and tags for users to index documents by tagging already made and in a second step, the discovery and extraction
knowledge.

(2)

(1)
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In this paper, we focus only in the recommendation in the indexing phase. Our work is similar to [20] in the operating principle of
the user trace to determine his/her preferences and choices on the web, against the recommendation made at the stage of research
information and not in document indexing.

3. Recommendation by Level in the KOS Faceted

3.1 Work Environment: Hypertagging
Structuring elements of Hypertagging are conceptual and graphics constituents that enable users to classify their documents
using these components. These components are the views, the Facets (or dimensions) and the tags.

The views are binders which a set of facets are grouped according on the one hand to share personal views of users, on the other
hands to the organization of the company.

Code UE Types of document Types of courses Teacher Types of degree Title

Topics of courses
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Figure 1. Sets of facets of a researcher- teacher

For example the two views "Teaching" and "Research" presented in Figure 1 showing an instance of two different views of a
teacher-researcher user’ activities. Each order contains one or more facets. These facets are classes that organize a set of values,
depending on their nature or terms under which they are considered. One of the original features of the representation of
Hypertagging is the tags with icons called SemioTags. In the collaborative environment, these facets can be either an individual
facet (used by one person) or shared (used by a group of people). The description of a document relies on tags, values of a facet.
Tags are injected as document metadata.

3.2 Computing of correlation level in a KOS-faceted
To determine the interests and user preferences, we focus on determining the correlations between the facets and tags. The
determination of the most frequent itemset is done by the Apriori algorithm.
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The objective is to calculate the correlations between different system components (facets and tags) from the most general (facet)
to the most detailed (tag). We rely on the principle considering that: if a facet is common then it necessarily contains frequent tags.
Our approach consists in two levels. The first one is the recommendation of the facets. At this level, each classified document will
be stored in a database associated with its annotated facet. The second level is the recommendation of tags. At this level, the
objective is to extract the most popular tags related by exploiting the correlation of the facets identified above. Figure 2 describes
the process of generating correlations. Determining correlations between the facets is via the Apriori algorithm by taking the
indexed database BD = (d1 ... dn) and the sets of facets F∈{Fmo∪ Fmu} as inputs. We obtain as a result the most frequent itemsets
(facets) and that will be used later to determine the correlation between tags. Indeed the correlation of the facets must be
respected in the generation of facet-tags. For example, if we obtained after step 1 a correlation between a facet F1 and a facet F2,
we consider that each of these facets must be present in the generation of itemsets facets and associated tags.

Facets

First level

Frequent Itemset:
Facets correlation

Second level
Tags correlation

f6f2 f3 f4 f5 f7 f8f1 f9

f1 f2 f3 f6 f8 ...

Computing System of correlation between facets

Systeme de calcul  de correlation entre tags

f1(1) + f2(r) f1(2) + f2(q) f1(1) + f1(2)+f2(r) f2(g) + f3(h)+f6(w) f6(e) + f3(m)+f6(s)

Figure 2.  Correlation of facets and tags

Since there are two types of facets Fmo and Fmu, we improve this algorithm by exploiting this feature of facets to minimize the
computational cost. This optimization is built into the stage of joining itemsets. After the generation of frequent itemsets, we do
not link tags belonging to a single facet monovalued because these combinations are prohibited by the setting of the facet, and
they will not produce rules until the user cannot simultaneously choose his/her tags to classify the document.

3.3 Modeling of faceted classification system
Definition. A faceted classification system (FCS) consists in a set of users u ∈U, tags t ∈T, facets f ∈F and documents d ∈D. The
combination of a set of tags and facets to documents is called a user annotation. It is provided by one or more quadruples ( fc, ti,
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uk , dj). We model the relationships between different elements of a FCS as:

-   Ra, a set of quadruplets( f, t, u, d ) that’s to say that a user u annotates the document d with the facet  f ∈ {Fmo ∪  Fmu} and the
tag t.

-  f (ti ,u) is the association of tag  ti ∈T corresponding to the facet f ∈ F by user u.

There are two types of facets, they are modeled as follows:

- A facet belongs to all facets monovalued  fc ∈ ∈ ∈ ∈ ∈ Fmo if an only if  card(σFacette = f, Utilisateur = u, Document = d ) = 1

- A facet belongs to all facets multivalued  fc ∈ ∈ ∈ ∈ ∈ Fmu if an only if  card(σFacette = f, Utilisateur = u, Document = d ) > 1

3.4 Recommendation Algorithm
Definition. We consider f (ti) as the set of facets and tags selected by the user  u ∈U  to classify its document  d ∈ D. The
knowledge base is defined by a set of association rules AR. Each AR is defined by a peer (A,C) where A is the antecedent part and
C is the consequence of the AR.

When the user selects the first tag, the system verifies whether the AR has an antecedent part f (ti). If one or more rules exist then
the system suggests to the user a set of  f’(t’i) where  f (ti  ) ÆÆÆÆÆf’(t’i).

Algorithm
Input : f (ti) , {AR}
Output :   f ‘(t’)

Begin
      1.   f ‘(t’) = Ø

                       2. Find the set R’ of rules ARj = (Aj ,Cj ) where f (ti) ⊆     Ai

                        3. For each rule do r  = (a,c) ∈ R’ do

                            f ‘(t’) =  f ‘(t’) ∪ Ci
 End

Otherwise the system does nothing. The query process of AR is based on repetitive process each time the user tags his/her
document. We provide the algorithm of recommendation in the next section.

If we suppose that the user has chosen f (t) = Type of document (Report), the recommendation system checks the rules in the
database if there is one or more rules as part antecedent containing f (t).For example, if we have in the base of the AR following
rule:

Type of document (report)  ÆÆÆÆÆActivity (Meeting) + Project (ANR)

The recommendation system will suggest to the user in the first time the facets and Activity Project. Once the user has validated
the proposed project facet, the system proceeds to the next level of recommendation to provide the tag ANR. In the next section,
we explain the process of recommendation based on association rules in a KOS faceted system.

4. Architecture Hypertagging

We introduce in this section of the integration of a faceted Hypertagging KOS (see Figure 3). The main base system components
are:

� The user interface: it is used to facilitate interaction between the system and the user. It allows the user to select facets and tags
for documents’ ranking and display recommendation tags.

� Database (or database transaction): contains the URLs of the documents associated with their metadata. Metadata is
composed of user name, document type, document title, date of classification, facets, tags and comments.

⎮
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�  Hypertagging Service: is a local service between the client and the databases. Its role is to update the facets, tags, document
filing and querying the database rules.

�  Knowledge Base: made of rules of recommendation, it can generate rules extracted from the database.

We describe the different steps of recommendation process in our prototype Hypertagging. Firstly, user wants to classify a
document; it starts with choosing the facet F1 and the tag t11.

Step 1: Hypertagging service queries the knowledge base to see if there is a rule having an antecedent part containing the facet
F1 ( t11).

Step 2: When a rule exists, Hypertagging service suggests facets represented in the consequence part of the rule to the user. In
our example, there is a rule in the form  F1 ( t11) → F3 ( t31)Therefore, Hypertagging proposes facet F3 at first.

Once this proposal is validated by the user the system recommends the tag t31. If no existing rules matches to the tags of the user,
then no suggestion of facets or tags.

Step 3: Once the user completes his/her choices of tags and that he/she classifies his/her documents, Hypertagging service
updates the database by inserting the URL of the document in the database, by adding the corresponding metadata

Step 4: Hypertagging service updates the rule base by running the rules generator to check for one or more new rules that appear
after each documentary classification. This generator retrieves data from the database.

Step 5: Once a new rule is generated, it is inserted into the knowledge base.

Figure 3. Recommendation process in Hypertagging
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5. Conclusion

In this paper, we develop a new approach for automatic recommendation of facets in our KOS Hypertagging for documentary
ranking. Our model can learn over time the habits and preferences of users via the operating trace of indexing. This approach
allows for easier indexing of documents to the user by suggesting recommendations that meet their needs and expectations. We
believe that cold start problem is an important issue that we should deal with.

The applied approach of recommendation makes hypothesis that users have enough tagged documents with facets and tags to
allow the system to learn and start the process of recommendation.

The perspectives of this work aim to extend this recommendation technique in a document sharing environment and facets-tags
in a group of users. To conclude, our approach differs from other existing works on recommendation by proposing a new model
of association rules including a facet level added to the tags level.

References

[1] Zacklad, M., Desfriches-Doria, O., Bertin, G., Mahe, N.,  Ricard, B., Musnik,  N., Cahier, J. P., Benel, A., Lewkowicz, E. (2011).
Miipa-Doc : vers une gestion de l’hétérogénéité des classifications documentaires en entreprise, soumis à la conférence Hypertextes
et hypermédias. Produits, Outils et Méthodes (H2PTM 2011).J. Clerk Maxwell, A Treatise on Electricity and Magnetism, 3rd ed.,
2, 68-73.
[2] Zhang, Z., Zhou, Z., Zhang, T. (2009). Personalized recommendation via integrated diffusion on user-item-tag tripartite graphs.
CoRR, abs/0904.
[3] Heymann, D., Ramage, E., Garcia-Molina, H. (2008). Social Tag Prediction, 31st Annual International ACM SIGIR Conference.
[4] Cattuto, C., Benz, D., A. Hotho, A., Stumme, G. (2008). Semantic Analysis of Tag Similarity Measures in Collaborative Tagging
Systems.
[5] Brun, A., Hamad, A., Buffet, O., Boyer, A. (2010). Vers l’utilisation de relations de préférence pour le filtrage collaboratif, RFIA
[6] Broudoux, E. Tagging : modélisation, techniques et usages, unpublished.
[7] Marlow,  C., Naaman, M., Boyd, D., Davis, M. (2006). Tagging paper, taxonomy, Flickr, academic article, toread, In:  Proceedings
of the seventeenth conference on Hypertext and hypermedia ACM New York, USA.
[8] Basile, P., Gendarmi, D., Lanubile, F., Semeraro, G. (2007). Recommending smart tags in a social bookmarking system, Bridging
the Gep between Semantic Web and Web 2.0, p. 22-29, SemNet.
[9] Wetzker, R., Zimmermann, C., Baukhage, C. (2008). Analyzing Social Bookmarking Systems: a del.icio.us Cookbook , In:  Mining
Social Data MSoDa Workshop Proceeding, p. 26-30.
[10] Marleau, Y., Mas, S., Zacklad, A. (2008). Exploitation des facettes et des ontologies sémiotiques pour la gestion documentaire.
In Broudoux, Evelyne et Chartron, Ghislaine (dir.). Actes de la deuxième conférence Document numérique et Société, Traitements
et pratiques documentaires : vers un changement de paradigme, 17-18 novembre 2008, Paris, France. Paris : ADBS (Collection
Science et techniques de l’information), p. 91-110.
[11] Desfriches, O., Zacklad, M. (2010). Apports de psychologie du travail pour caractériser l’activité de gestion de l’information,
13ème Colloque International sur le document électronique, Document Numérique, entre permanence et mutations, Paris.
[12] Pazzani, M., Billsus, D. (2007). The Adaptive Web Springer Berlin / Heidelberg, chapter Content-BasedRecommendation
Systems, p. 325-341.
[13] Nageswara Rao, K., Talwar, V. (2008). Application domain and functional classification of recommender systems a survey,
Desidoc Journal of Library and information Technology, 28, 17-36.
[14] Agrawal, R., Imielinski, T., Swami, A. (1993). Mining Association rules between sets of items in large database, SIGMOD93, p.
207-216, Washington.
15] Agrawal, R., Srikant, R. (1994). Fast algorithms for mining association rules in large databases. In: International Conference on
Very Large Data Bases, p.  487-499, Santiago, Chile.
[16] Diop, C., Moussa, L., Fatou, F. (2007). Intégration de règles d’association pour améliorer la recherche d’informations XML,
CORIA, p. 137–148 Saint-Etienne.
[17] Schmitz, C., Hotho, A., Robert, J., Gerd Stumme. (2008). Mining association rules in folksonomies. In: V. Batagelj, H.-H. Bock.
[18] Song, I. Song, I., Hu, X., R. Allen, R., Robert, B. (2007). SWAR Modèle de génération des règles d'associations.



82    International Journal of Information Studies   Volume  4   Number   2   April  2012

[19] Desfriches, O., Zacklad, M. (2010). Apports de psychologie du travail pour caractériser l’activité de gestion de l’information,
13ème Colloque International sur le document électronique, Document Numérique, entre permanence et mutations, Paris.

[20] Xiaobin, F., Sudzik, J., Kristian, J. (2000). Mining  Navigation  History  for  Recommendation IL’1  New  Orleans  LA  USA.

[21] Jacobs, I. S., Bean, C. P. (1963). Fine particles, thin films and exchange anisotropy, In: Magnetism, vol. III, Rado, G. T., Suhl,  H.,
Eds. New York: Academic, p. 271–350.

[22] Elissa, K. Ttle of paper if known, unpublished.

[23] Nicole, R. Title of paper with only first word capitalized, Name Stand, J. Abbrev., in press.

[24] Yorozu, Y., Hirano, M., Oka, K., Tagawa, Y. (1987). Electron spectroscopy studies on magneto-optical media and plastic
substrate interface, IEEE Transl. J. Magn. Japan, 2, 740–741.

[25]  Young, M. (1989). The Technical Writer's Handbook. Mill Valley, CA: University Science.


