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The general topic of the thesis is web search. It focused on how to leverage the data semantics for exploratory search. Exploratory search refers to cognitive consuming search tasks that are open-ended, multi-faceted, and iterative like learning or topic investigation. Semantic data and linked data in particular offer new possibilities to solve complex search queries and information needs including exploratory search ones. In this context the linked open data cloud plays an important role by allowing advanced data processing and innovative interactions model elaboration. First, we detail a state-of-the-art review of linked data based exploratory search approaches and systems. Then we propose a linked data based exploratory search solution which is mainly based on an associative retrieval algorithm. We started from a spreading activation algorithm and proposed new diffusion formula optimized for typed graph. Starting from this formalization we proposed additional formalizations of several advanced querying modes in order to solve complex exploratory search needs. We also propose an innovative software architecture based on two paradigmatic design choices. First the results have to be computed at query-time. Second the data are consumed remotely from distant SPARQL endpoints. This allows us to reach a high level of flexibility in terms of querying and data selection. We specified, designed and evaluated the Discovery Hub web application that retrieves the results and present them in an interface optimized for exploration. We evaluate our approach thanks to several human evaluations and we open the discussion about new ways to evaluate exploratory search engines.

Enabling new search means

"Search is only a partially solved problem" R.W. White, [START_REF] White | Supporting exploratory search, introduction, special issue, communications of the acm[END_REF] The web is the largest-known searchable information/knowledge source. However, users' access to web content is a major and continually evolving research challenge due to the changing nature of the Web. The usage, technologies and content of the Web are continuously evolving at a rapid pace. In the mid-to-late 1990s, the first popular search engines appeared. At that time, they offered a new and innovative way to access the ever-increasing amount of web pages available. In 2014, search engines are still the main mechanism used to access the Web. Users' high level of satisfaction with search engines shows that they are still effective in satisfying a large range of informational needs 1 . Their popularity is also mainly due to their intuitiveness. Search engines popularized keyword-based queries that allow a user to easily express their information needs without requiring any technical knowledge, which is quite different to how structured databases are queried.

The web constantly grows, both in size and diversity. In this context building tools to make the interaction with the web more manageable becomes critical. Moreover the users' growing expectations constantly maintain the need for innovative search approaches and technologies. Satisfying the widest range of information needs is fundamental for search engines to stay competitive. The users expect them to support a high variety of information needs. As an illustration, during a year 88% of the unique queries appear only once [START_REF] Baeza-Yates | Design trade-offs for search engine caching[END_REF]. However, several information needs and queries remain unsolved or poorly solved by the actual search Chapter 1. Introduction engines. They can not be successfully addressed because the actual approaches are unadapted to them, e.g. popularity-based rankings (e.g. PageRank [START_REF] Page | The pagerank citation ranking: Bringing order to the web[END_REF]). Or because they require sophisticated human-computer interactions that are currently not supported by major search applications. There is still an important room for improvement, especially for complex queries and information needs.

In this thesis we address more specifically the case of exploratory search [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF]. Exploratory search refers to cognitive consuming search tasks that are open-ended, multi-faceted, and iterative like learning or topic investigation. Such tasks are often performed on an informational domain that is unknown or poorly known by the searcher, generating a high incertitude. During such explorations the users do not necessarily know the best keywords, have a changing goal and synthesize an important amount of information. The current popular search engines are unadapted to them because they notably lack of assistance in the results consultation and explanation [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF]. There is consequently a need to build systems that are optimized for these specific search tasks. It is the objective of the Human Computer Information Retrieval (HCIR) research community which crosses innovative techniques from the Information Retrieval and Human Computer Interaction fields in order to achieve it.

Exploiting structured data in searching the web

"The degree of structure of the web content is the determining factor for the type of functionality that search engines can provide" Bizer and al., [START_REF] Bizer | Topology of the web of data[END_REF] The search engines update regularly their algorithms, interfaces and services in order to improve the results quality and the users' experience 2 . Such improvements rely significantly on the nature and the quality of the web data. One of the most important evolutions impacting the search engines today is the increasing amount of structured data publication on the web. Today their primary material is not only a hypertext document graph as in the mid nineties. It is now completed by numerous structured data expressed through various formalisms such as microdata 3 , microformat 4 or semantic web models 5 . These formalisms allow to richly describe web resources and to make them machine-understandable. The search companies like Bing6 , Google 7 and Yahoo8 started to leverage these meaningful data to improve the results computation and presentation. They recently encouraged the publication of structured data using an open schema they designed:
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schema.org 9 . This initiative goes along with the idea that data interoperability and machine-readability are crucial for search.

The biggest source of structured data available on the web today is the Linked Open Data (LOD) cloud [START_REF] Bizer | Linked data-the story so far[END_REF]. The linked open data cloud is a web of interconnected public datasets published by various actors including research, private or governmental initiatives. It follows the principles of the web: use of HTTP, URLs, etc. The data are formatted in the Resource Description Framework (RDF) triplebased data model, which is a W3C standard 10 . The LOD can be considered as the first deployment wave and one of the main achievements of the semantic web today. The semantic web is "an extension of the current web in which information is given well-defined meaning, better enabling computers and people to work in cooperation" 11 . The LOD is a very large source of publicly accessible knowledge: 31 billions of triples in September 2011 12 . Among all the datasets, the RDF conversion of Wikipedia 13 , DBpedia 14 , is popular and largely used by the semantic researchers and developers communities. DBpedia is regularly updated and its quality increases along the versions. Several end-users applications using it as background knowledge demonstrated its maturity.

Supporting complex search tasks requires a higher understanding of the meaning of the query and data than the level of keywords [START_REF] Tran | A survey of semantic search approaches[END_REF]. The incorporation of formal semantics in search approaches is referred to as semantic search. Semantic search aims to enhance search by exploiting the structured semantics at various levels. The structured data are promising for supporting complex search tasks, including exploratory search ones.

Renewing knowledge exploration and discovery

"Wholly new forms of encyclopedias will appear, ready made with a mesh of associative trails running through them" Vannevar Bush, [START_REF] Bush | As we may think[END_REF] The formal semantics allow improvements in both information retrieval and in human-computer interactions, which constitute the 2 dependent faces of exploratory search systems. They allow to innovate on algorithms and interaction models in order to lower the users' cognitive load. In this thesis we propose, prototype, and evaluate an original approach for supporting exploratory search by leveraging DBpedia. Our approach is a combination of recommendation, ranking, faceted browsing and results explanation features. Starting from one or several topic(s) selected by the users the system selects and ranks a meaningful subset of related resources in the large and heterogeneous graph of DBpedia. The users can then interact with this results set through an interface optimized for exploration. From this initial objective we explored the feasibility of a method that computes the results at query-time by fetching the data from a distant source. First it is motivated by the fact that the LOD is distributed by nature. The proposed architecture offers flexibility in the choice of the data source(s) targeted to satisfy the information need. Second, the LOD knowledge bases are changing over the time, our approach guarantees the results freshness in this context. Third, the framework aims to overtake existing approaches by enabling a range of advanced queries. The users can notably influence the results selection and ranking schemes by tuning several parameters that directly impact the algorithm behavior. The framework is demonstrated through the Discovery Hub application 15 .

More particularly we investigate the 4 following research questions (i) How can we discover and rank linked resources to be explored starting from the user topic(s) of interest? ; (ii) How to address remote linked data source for this selection? (iii) How to optimize such data based exploration approach at the interaction level? (iv) How to evaluate such exploratory search systems?

Dissertation plan

State-of-the-art review. In the first part of the thesis (chapters 2 to 4), we have carried out a state of the art review in the semantic search and exploratory search domains that are relevant to address the theoretical, technical challenges we address and to position our contributions to existing work:

The chapter 2 presents exploratory search, which is an ongoing topic in the HCIR research community. It positions it in the general field of search. This chapter details the characteristics of the exploratory search tasks and the common systems functionalities. Starting from that it identifies the desired effects of exploratory search systems. It also addresses the question of the evaluation of such systems, which is recognized as difficult.

The chapter 3 is dedicated to semantic search which is an active research field in the actual context of structured data proliferation. It presents the semantic web as well as the linked data initiative. It also details existing important semantic search systems in the research and the industry, where major initiatives recently appeared.

The chapter 4 is the prolongation of the two previous chapters and presents a state-of-the-art review of the systems allowing exploration based on linked data. It details the approaches leveraging linked data sources to help the users discovering new information and knowledge. Linked data browsers, recommenders systems and exploratory search engines are specifically reviewed. Finally it gives an overview by discussing the evolution of research, its outcomes in terms of 

Introduction

Searching, sharing and understanding information are basic human psychological needs. Humans are explorers by nature and strongly need to integrate with and learn about the world [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. Today information infrastructures, including the web, are massive, sophisticated and intensively used in our societies. Information retrieval has been one of the most prolific research fields ever in computer sciences. The web can be seen as the biggest document and data base with search functionalities. Since their appearance in the mid-nineties web-scale search engines revolutionized information access and impacted billions of users in their professional and personal activities. Major search engines are engineering master-pieces that give access to billions of web pages and data. They are constantly renewed to satisfy the users increasing expectations. Moreover the competition between the major search companies is intense and catalyzes the industrial research.

Web search engines success proves that they are efficient tools. Nevertheless they are more efficient when the user has a precise information need (e.g. looking up for Claude Monet's birth-date 1 ), than when the user has a vague and open
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Figure 2.1: The Yahoo directory website in 1995 rankings propagate iteratively through the links. Contrary to HITS the PageRank is query-independent. It was able to rank the whole graph of the web: 150 million pages and 1.7 billion links in 1998 at as mentioned in the article. In the paper the authors also introduced their first PageRank implementation in a keywordquery search engine: Google. The Google search engine has constantly evolved since the Brin and Page's article, it now uses a massive amounts of heuristics that are mainly undisclosed. For a detailed comparison between HITS and PageRank algorithm the reader might refer to [START_REF] Koumenides | A Bayesian network model for entity-oriented semantic web search[END_REF].

Popularity

Being able to index and rank the whole web was a major technical achievement in the mid-nineties. The new interaction mode proposed by the search engines was another major key factor of success. Indeed search engines became very popular because they allowed the users to express their information needs in the form of keywords. This query paradigm is instantly accessible to everybody. It is intuitive and fast. Before, search was mainly accessible to database experts in enterprise applications. It was internal, limited to a closed (often business-related) domain, required technical skills and was not available at web-scale. The keyword search paradigm is independent from the data models, structures and query languages of the data/information collection searched. As mentioned in [START_REF] Tran | A survey of semantic search approaches[END_REF]: "search is rather understood as an end-user oriented paradigm that is based on intuitive interfaces and access mechanisms". The first popular search application was Altavista2 which answered 13 million queries a day in 1998 [START_REF] Baeza-Yates | Modern Information Retrieval[END_REF]. The same year the Google company was founded and became rapidly the leader of the search market. Today, search is still the main way to access information on the web 3 . At the time of writing Google is the most popular application on the web according to Alexa 4 . New markets emerged from search engines popularity including search engine optimization and words-based advertising e.g. Google Adwords 5 .

Limits and opportunities

The users are now familiar with search engines. They expect them to support increasingly complex search tasks. There is a constant need for innovative search approaches and technologies as the web becomes more and more complex and the users' expectations increase. As mentioned in [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF] the users' expectations about search systems are exceeding the systems' current capabilities. The fact that the average number of keywords per query is growing 6 may confirm that the users expect the search engines to support increasingly complex information needs. It might also be an indication about the increasing users' search expertise. Even if search engines are very efficient tools for a majority of common information needs they perform poorly on several types of hard queries including ambiguous, imprecise or overly precise queries. Advanced query syntax like booleans can help but it is not used by the majority of users.

Today search engines are unadapted to solve some complex information needs. First they are limited by their keyword querying paradigm. Indeed all the realworld information needs can be hardly covered with small sets of keywords. Second, the search companies based their success on the simplicity of use of their products. The simplicity of the interface and interactions acts as an informational bottleneck for complex search tasks. Third, the investment and research in favor of their retrieval speed, over billions of web pages, was done by sacrificing potential relevance by using models, algorithms and heuristics that limit the complexity in order to speed up the processing [START_REF] Teevan | Slow search: Information retrieval without time constraints[END_REF]. Fourth, we observe today a filter bubble effect: the over-personalization of search results tends to retrieve always the same kind of results to the users and to limits their exploration and discovery possibilities [START_REF] Pariser | The filter bubble: What the Internet is hiding from you[END_REF].

Exploratory search

In 2006, Gary Marchionini introduced, defined and popularized the term exploratory search in the seminal paper "exploratory search: from finding to understanding" [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF]. The topic was not new. Prior to it a large amount of papers were already focused on similar search tasks. According to [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF] the main related topics were information foraging, berry-picking search approach, sense-making, informationseeking and cognitive information-retrieval. A list of relevant references is available in [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. The Gary Marchionini publication inspired many researchers and a community centered on the topic emerged. It is important to notice that at the current state of research the definition of exploratory search is unstable and is still shaped by the ongoing research. We propose the following resuming definition: exploratory search is an increasingly directed search activity with expectations of discoveries. 

Definition

In his paper Gary Marchionini proposed a taxonomy of search activities. In order to characterize what are exploratory search tasks he put it in perspective with lookup tasks, see Figure 2.2. Lookup task, defined hereafter, are simpler and more familiar to the users:

Lookup tasks refer to search tasks when the users look for something in particular, having a well-defined information need. They correspond to queries that aim to retrieve a discrete result e.g. a website, a statement, a name, a phone number, a file. The lookup queries are performed in case of known-item search (including navigational query seeking a single website), fact retrieval, close-ended questionsanswering and verification. In [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF] Gary Marchionini precises that lookup tasks are usually suited to analytical search strategies that begin with carefully specified queries and yield precise results with minimal need for result set examination and item comparison.

The actual major search engines are very efficient for lookup tasks due to their keyword-based query paradigm. Indeed during lookup tasks the users' information need is precise, consequently they can easily formulate effective keywords. The latter are easy to match with the search engines index where the documents Chapter 2. Exploratory search collection is stored in the form of a bag of keywords. Consequently the systems often quickly answer such information need. The objective is to reach the desired result as fast as possible. In this spirit, the Google I am feeling lucky button 7 directly displays the first result, skipping the results list page, see figure 2.3. The knowledge panels, see example on Figure 2.4, proposed by the major search engines today also reflect the tendency to retrieve direct answers that does not require a results list examination. The 3 major search engines released their own knowledge panrls: the Bing Snapshot 8 , the Google 9 and Yahoo 10 Knowledge panels. These functionalities and their underlying technologies are extensively described in chapter 3 and 4 of this thesis. Exploratory search refers to cognitive-consuming search tasks like learning or investigation. The terms learning and investigation are employed in the broad sense. They can occur in educational, professional or personal contexts. Generally speaking the objective in this case is to create a knowledge product or to shape an action in a complex and rich informational context [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. In 2006, R.W. White proposed this definition [START_REF] White | Evaluating exploratory search systems: Introduction to special topic issue of information processing and management[END_REF]: Exploratory search can be used to describe an informationseeking problem context that is open-ended, persistent, and multi-faceted; and to describe information-seeking processes that are opportunistic, iterative, and multi-tactical. In the first sense, exploratory search is commonly used in scientific discovery, learning, and decision making contexts. In the second sense, exploratory tactics are used in all manner of information seeking and reflect seeker preferences and experience as much as the goal. [START_REF] Huynh | Parallax and companion: Set-based browsing for the data web[END_REF] proposed the following city-exploration analogy: this is similar to how one might actually want to walk around a city to understand its layout and enjoy its culture rather than taking a quick taxi ride to a specific destination. It is noticeable that lookup and exploratory search tasks overlap. When learning a user might perform several lookup tasks to clarify some precise points for instance. Exploratory search is composed of two main activities: exploratory browsing and focused searching [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. [START_REF] Kwasnik | A descriptive study of the functional components of browsing[END_REF] defines browsing as "a movement in a connected space". Exploratory browsing corresponds to an undirected activity that aims to better define the information need and to raise the understanding of the information space. Focused searching is more directed and occurs when the information need is clearer. More precisely it includes query refining, fine results consultations and comparisons. The inter-dependency between the evolving precision of the information need and the executed search activities is illustrated in Figure 2.5.

Tasks

There is an effort in the research community to observe, understand and model exploratory search behaviors and tasks [START_REF] Diriye | Revisiting exploratory search from the hci perspective[END_REF] [START_REF] Wildemuth | Assigning search tasks designed to elicit exploratory search behaviors[END_REF]. The first objective is to raise the level of shared understanding on this topic among the research community. A lot of researchers use different (but close) exploratory search definitions, leading to confusion and approximation. The second objective is to propose guidelines for designing exploratory search functionalities and applications. Last but not least, there is a need to agree on best practices for evaluations tasks and scenarios design. Using similar evaluations will result in better comparisons baselines and consequently better findings and systems improvements. It requires first solid definitions.

At the time exploratory search is often defined by its key task attributes. We merged and synthesized the characteristics of exploratory search tasks that are often cited in literature (including in particular [START_REF] Wildemuth | Assigning search tasks designed to elicit exploratory search behaviors[END_REF] and [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]) and present them hereafter:

• The goal is to learn or investigate. This point, present in the fundamental paper of Gary Marchionini, is well cited in the literature. Common contexts in which exploratory search occur are educational, academic, work and leisure ones. Sometimes the users are motivated by curiosity and have a very vague Figure 2.5: Interactions between the users' information need precision and the executed exploratory search activities, taken from [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF] idea of what they are expecting. In this case the curiosity is the principle motivational factor. The exploration is not driven by a defined information need. This case was referred to as casual-leisure information behaviors and is related to personal, non-professional activities for "achieving a hedonistic goal" [START_REF] Wilson | Casual-leisure searching: the exploratory search scenarios that break our current models[END_REF]. These explorations are particularly susceptible to engender discoveries. For instance the users may open their favorite canals (e.g. forums) with the motivation to encounter interesting content without specific expectancies.

• The search tasks are general rather than specific. The user have consequently an important latitude in the manner they execute the search activity. The information goals are not well-defined ("vague", "amorphous", "illdefined", "lacking of structure") and there is not a concrete answer to find. The absence of focus in the search domain and objective leads to an undirected search process. Nevertheless during the exploration the users progressively build a mental answer-framework that helps them to focus the exploration on specific aspects of the topic.

• The search task is open-ended and can be distributed over the time. It can last for a certain period as it can be motivated by a long-lasting and/or evolving interests. Consequently the exploration occurs during multiple search iterations and sessions. [START_REF] Teevan | Slow search: Information retrieval without time constraints[END_REF] introduced the "slow search" practice which means "a class of search where traditional speed requirements are relaxed in favor of a high quality search experience". In the case of rich search experience, including exploratory search, the time is less pressing. A trade-off exists between the results quality and the retrieval speed. According to Microsoft Research [START_REF] Dumais | Task-based search: A search engine perspective[END_REF], more than 50% of search occurs during multi-queries sessions exceeding 30 minutes. Search queries are often not performed in isolation. Such findings tend to confirm that an important part of search activities are exploratory ones.

• Exploratory search is cognitive-consuming and related to non-trivial information needs. Contrary to lookup search tasks, that often take the form of one-shot queries, there is a continuous interaction between the user and the system during the exploration. The users interact with results having different types (e.g. data, texts, videos) through a variety of interaction modes. Usually they engage the exploration by performing an imprecise query that retrieves a large set of potentially relevant results. This interaction style is known under the name of orienteering [START_REF] O'day | Orienteering in an information landscape: how information seekers get from here to there[END_REF]. The users first naively traverse the information space [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. In a second time they spend more time to finely consult the results in order to rise their understanding and mental representation of the topic. Exploration search is always correlated with a plurality of sense-making [START_REF] Klein | Making sense of sensemaking 1: Alternative perspectives[END_REF] [91] activities such as comparison, analysis and evaluation of the results. One definition of sense-making is "how people make sense out of their experience in the world" [START_REF] Duffy | Sensemaking in classroom conversations[END_REF]. It is conceptualized as a two-way process of fitting data into a frame (which is roughly a mental model) and fitting a frame around the data. The complexity of the information need leads also to a multiplication of searching and browsing sub-tasks that make sense together. The users perform an important amount of small and diverse cognitively-manageable tasks in order to reach the exploratory search objective incrementally. These profusion and heterogeneity of interactions are sometimes referred to as a "procedural complexity" [START_REF] Wildemuth | Assigning search tasks designed to elicit exploratory search behaviors[END_REF]. According to Gary Marchionini the users' high investments in time, effort and creativity are rewarded by a deep knowledge [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF].

• There is a varying level of uncertainty during exploratory search. This uncertainty can concern the search goal, the manner to achieve the goal, the domain investigated, the results and even the search systems' use. Exploratory search is a case of "weak problem solving" [START_REF] Newell | Human problem solving[END_REF]: the users lack prior domain knowledge and progress through unsystematic steps through the information space [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. The uncertainty generally decreases along the search as the familiarity with the topic explored increases. However the uncertainty can also increase when the users discover new information that disturb the mental models they are currently building. Such evolving degrees of knowledge and incertitude suppose different expectations in the systems. If the users have a limited knowledge of the information domain explored they will have difficulties to formulate the queries and to interpret the results. They will need the system to be supportive regarding these aspects. When the users are familiar with the domain explored they are more interested by gaining deeper knowledge about it e.g. identifying knowledge gaps or new, unexpected points of view.

• Exploratory search information need is evolving. As the information need is fuzzy it is likely to evolve during the exploration being influenced by the informational context. As mention before the users show an orienteering behavior in a first time. They retrieve first some results and facts that inspire new strategies e.g. new queries, new navigation paths, etc. The information exposure and knowledge acquisition that occur during exploratory search tasks lead to changes in the users' objectives along the time. Moreover their perception of relevance also evolves along the time [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. External events can also impact the information objective during long-lasting search e.g. news.

The users often have also an opportunistic behavior. They explore several sub-sets of the information space through orienteering and "pivot" several times, see figure 2.6. Having initial imprecise expectations is characteristic of exploratory search. It consequently leads to many discoveries of unknown information and associations.

Figure 2.6: Comparison between iterative search used during lookup and exploratory search strategies, taken from [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF] Actual major search engines are not adapted to exploratory search. It is impossible to satisfy complex information needs, especially vague ones, by representing them in few keywords processed in a query-response mode. Today when the users perform exploratory search on actual search engines they manipulate iteratively
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an evolving set of keywords. They have to synthesize an important amount of information coming from a changing result space without support from the system. The search engines do not help the users in the results exploration as they are optimized for ("one-shot query approach"). The users have to rely on their own search strategies. It leads to important cognitive load: "the human user's brain is the fundamental platform for information integration" [START_REF] Brambilla | Designing exploratory search applications upon web data sources[END_REF]. To sum up when used for exploratory search the actual popular search engines act like information bottlenecks. They force the users to adopt compensation strategies that are very cognitive consuming.

"Rather than viewing the search problem as matching queries and documents for the purpose of ranking, interactive information retrieval views the search problem from the vantage of an active human with information needs, information skills, powerful digital library resources situated in global and locally connected communities -all of which evolve over time". Gary Marchionini, 2006 For these reasons Gary Marchionini encouraged to complete existing solutions with functionalities and cognitively optimized for exploratory search tasks. Such systems have to ease memorization, the understanding, the emergence and refinements of new mental models. The information retrieval, human computer interaction and associated disciplines experts collaborated on this objective, see figure 2.7 Gary Marchionini also coined in 2004 the term Human-Computer Information Retrieval (HCIR) to stress the importance of the HCI apects to overtake the actual search systems limitations [START_REF] Marchionini | Toward human-computer information retrieval[END_REF] by increasing the level of interactions with search systems. Since 2007 the HCIR community organizes an eponymous workshop 1112 . Exploratory search is one of its major topic.

Systems

Matching systems and users goals. The majority of the web search applications are based on the classic information retrieval query-response model that have been extensively used since the apparition of computers [START_REF] Bates | The design of browsing and berrypicking techniques for the online search interface[END_REF], see figure 2.8. The information need is captured in the form on a query and treated through a one-shot processing. Several queries are successively performed if the need is not satisfied in the first place (trial-and-error tactic). This model does not capture the complexity of the users' interactions during a complex search session query refining, browsing, results comparison, etc. For this reason this model has been regularly criticized since the eighties [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. To overtake the lookup-oriented query paradigm it suggests, Gary Marchionini proposed in [START_REF] Marchionini | Information-seeking support systems[END_REF] an information-seeking process model aiming to better represent the interactions between the users and the applications. Observing this model on figure 2.9 it appears that systems based on it Chapter 2. Exploratory search Figure 2.7: Venn diagram positioning exploratory search relative to others disciplines, taken from [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF] are far more dialogical. They support multiple and heterogeneous man-machine interactions along the different exploratory search steps. Figure 2.8: Classic information retrieval model as proposed in [START_REF] Bates | The design of browsing and berrypicking techniques for the online search interface[END_REF] Exploratory search systems and functionalities are built specifically to help the users during cognitive consuming search tasks. Their objective is to satisfy information needs when the searcher has a limited knowledge of his goal, domain or search system [START_REF] White | Supporting exploratory search, introduction, special issue, communications of the acm[END_REF]. Consequently they aim to go beyond the widespread queryresponse paradigm [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF] and to propose a more interactive experience. They do not retrieve precise and immediately satisfying answers but support the users all along the exploration through a variety of supportive features. The emphasis is put on the search experience and process rather than just on the results: "the path is the destination" [START_REF] Waitelonis | The path is the destination-enabling a new search paradigm with linked data[END_REF].

Gary Marchionini stated "the search system designer aims to bring people more directly into the search process through highly interactive user interfaces that continuously engage human control over the information seeking process" [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF]. They guide the users all along the navigation through an interactive search process. They assist them in building complex queries from several atomic and/or incremental operations
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.9: Information-seeking process model proposed in [START_REF] Marchionini | Information-seeking support systems[END_REF] [101]. They also propose a variety of navigation trails that ease the exploration of an unknown or poorly known domain. Overall their objective is to fractionate the exploratory search tasks in series of smaller tasks that are more manageable from a cognitive point of view.

Heterogeneity of the functionalities. Existing exploratory search systems considerably vary in the functionalities they propose. We synthesize below the systems widespread features that are observable in the literature:

• Overviews, visualization and analytics features help the user to understand the nature of the results and the results themselves. Overview features are used in some exploratory search systems. Visualization on data are often associated to specific properties e.g. timelines for time-stamped data, maps for geotagged ones.

• Faceted interfaces [START_REF] Hearst | Next generation web search: Setting our sites[END_REF] are especially popular and ease the results exploration by grouping and filtering them using their common properties. The presence of facets also helps the user to understand the nature of the results by making explicit their important characteristics. The facets constitute a powerful support for shaping the information need and the corresponding answer-framework. Exploratory search systems favor query refinement through dynamic querying interfaces rather than the multiplication of oneshot queries.

• Clustering of the results can be performed to help their understanding and consultation. It is especially useful when the system retrieve data having heterogeneous type and coming from various domains. Clustering can be an alternative to faceted browsing for organizing the content.

• The users have the choice between multiple alternative browsing paths through going back-and-forth functionalities . The risk of following different paths is low and is perceived as such. In other words it is easy to come back to a previous step of browsing during the exploration process. As the users might have a very limited knowledge of the domain they explore multiple paths in an undirected manner. To ease the process of exploration one possibility is to give indications on the effects of an interaction before the user effectively engage it. An example is the use of numeric volume indicators [START_REF] Wilson | Mspace mobile: A ui gestalt to support on-the-go info-interaction[END_REF] (NVIs) and previews cues. In faceted search context the NVIs indicate to the users how many results will be displayed if a facet value is selected. It helps to decide which facets to activate/deactivate in order to restrain or augment the focus. Some systems present directly the amount of results corresponding to the facet value [START_REF] Yee | Faceted metadata for image search and browsing[END_REF], others systems uses more graphical presentation [START_REF] Capra | The relation browser tool for faceted exploratory search[END_REF]. Preview cues give an idea about the content associated to the previewed facet through summary, images and sounds for instance.

• Exploratory search systems can offer functionalities that narrow and broaden the query. Such functionalities help the users to shape their information need. They propose suggestions that refine or modify the users' original scope of search through auto-completion and recommendations of associated query-terms/resources [START_REF] Waitelonis | The path is the destination-enabling a new search paradigm with linked data[END_REF]. It is especially helpful when the users have a fuzzy information need or poor knowledge of the domain leading to difficulties in query formulation. Recent researches aimed to model the user intent for exploratory search purposes in order to propose adaptive interfaces [START_REF] Ruotsalo | Supporting exploratory search tasks with interactive user modeling[END_REF].

• Surprises, discoveries and novelty can be enforced are part of exploratory search. Some of these systems voluntarily influence their results to favor serendipitous discoveries [5].

• The exploratory search systems often offer memory-features such as insession or account-related history, task resuming and information gathering capabilities. It is especially helpful for long-lasting exploration. By tracking the sequences of interactions they free the users memory and allow them to concentrate on the exploration task.

We propose a summary of how exploratory search tasks are supported by the systems functionalities in the following diagram, see Figure 4.34. The exploratory search tasks characteristics on the left are summarized from [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. We derived from these characteristics a list of desired effects of the systems and linked them to the previously listed widespread features. It is important to notice that the systems implement sets of features that often support selected aspects of exploratory search tasks. They might also use different functionalities to obtain the same effect. For instance a result visualization and a clustering can both offer an interesting support for understanding the informational domain. Due to resources constraints the systems designers and researchers have to make design choices and focus their efforts on one or several key functionalities. Exploratory search functionalities have all their strengths and weaknesses. Their combination in the systems through some interaction models constitutes the core value. It is a complex alchemy. Figure 2.10: Relation between exploratory search tasks characteristics and widespread systems features New exploratory search contexts are also investigated. This is the case for mobile exploratory search systems as in [START_REF] Wilson | mspace mobile: A mobile application for the semantic web[END_REF] and [START_REF] Neumann | Guided exploratory search on the mobile web[END_REF]. The size of the screen is especially challenging for designing the interaction model. Collaborative exploratory search tasks, algorithms and interfaces have also been investigated e.g. [START_REF] Morris | Interfaces for collaborative exploratory web search: Motivations and directions for multi-user design[END_REF], [START_REF] Pickens | Algorithmic mediation for collaborative exploratory search[END_REF], [START_REF] Golovchinsky | Cerchiamo: a collaborative exploratory search tool[END_REF]. The exploration of a topic by several users can offer a more complete view on it by bringing together different perspectives, experiences, expertise and vocabulary [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF].

Interface design. Due to the complexity of the interactions they propose designing efficient exploratory search system is a challenge. There is a high tension between the variety of functionalities proposed and the clarity in design [START_REF] Wilson | Improving exploratory search interfaces: Adding value or information overload?[END_REF]. Thus human-computer interaction research is fundamental to enhance such interaction models and interfaces. Theyr have to be intuitive in order to propose systems that are easily usable by non-expert. One objective of the design is to reduce the users' cognitive load in the difficult task of exploration. The systems have to free the cognitive resources of the users at the maximum (e.g. their memory) to allow them to focus on high value exploratory search sub-tasks such as knowledge accretion, analysis, results comparison, etc. There is also a need to favor a more active human engagement in the search process. Some guidelines for designing exploratory search systems can be found in the literature. The following ones, elaborated for faceted browsing in an exploratory search context are summarized from [START_REF] Wilson | Evaluating advanced search interfaces using established information-seeking models[END_REF]:

• Maintain keyword search: keyword search should be maintained in faceted interfaces. When both are available they are used evenly [START_REF] Wilson | A longitudinal study of exploratory and keyword search[END_REF].

• Think about different users: it is important to support various search strategies to satisfy different types of users. Some of them might be relatively confident of the outcomes they want whereas others have strictly no idea of what they can find, expect.

• Show information in context: the visibility of facets constitutes interesting contextual cues. They can be used passively to understand the domain.

• Include sorting and filtering: the ability to arrange the results is a key feature of exploratory search systems.

• Facilitate information gathering: the ability to collect, bookmark, keep traces of information found is important for long-lasting explorations

• Offer previews: previewing the effect of the interactions is helpful, especially when the user has a vague knowledge about the domain he is searching.

Industrial deployment.

Major web players started to deploy basic exploratory search systems and functionalities. Google launched in 2012 the knowledge panel ("explore your search", "things not strings" 13 ). This functionality takes advantage of the Google Knowledge Graph semantic network. It assists and inspires the user in the exploration of a topic of interest by notably retrieving a list of related items, see figure 2.11. In 2013 Bing 14 and Yahoo [START_REF] Blanco | Entity recommendations in web search[END_REF] released similar knowledge panels, also based on semantic graphs. The Facebook Graph Search functionality15 can be considered as an exploratory search functionality to some extent. It combines autocompletion and faceted filtering to explore the social network graph. It exposes unexpected information that cannot be accessed by browsing. One of the most interesting application in the field of exploratory search systems today is Stumble Upon 16 , see figure 2.12. Stumble Upon is a web content discovery engine that relies on social profiling mechanisms. It recommends web pages regarding corresponding to its users interests. The recommendations are sorted by categories e.g. internet, design, music. Stumble Upon is popular as it was ranked the 152th most popular website in March 2014 according to Alexa 17 . TasteKid18 is a discovery engine that suggests musics, movies, television shows, books, authors and games starting from users' tastes. The method used for computation is proprietary and unknown but makes use of Freebase 19 20 . The underlying recommendation engine appears to be powerful and is able to perform cross-type recommendations (e.g. books from a movie) as well as multi-inputs ones (e.g. video games from a book and a movie). Unfortunately it does not provide explanations to the users about the recommendations and appears as a black-box. Similarkind21 offers movies, television shows, musical artists, books and video games recommendations. Contrary to Tastekid it does not provide multi-inputs nor multi-types recommendations. It does not give any explanation about the results retrieved neither. Similarkind is based on the Freebase knowledge base and on Wikipedia according to its website. 
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Evaluation

The exploratory search systems evaluation is recognized by the HCIR community as difficult. The reasons are multiple. First, the traditional measures used in information retrieval are mainly focused on the results ranking. Precision is "the fraction of retrieved documents that are relevant to the query" and recall is "the fraction of the documents that are relevant to the query that are successfully retrieved" [START_REF] Manning | Introduction to information retrieval[END_REF].

Exploratory search systems often favor the recall more than the precision [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF]. Indeed it is more interesting to present a vast amount of potentially interesting and useful results to be explored rather than presenting only the most relevant ones. Second the task completion time is not a valuable metric. As the systems put the emphasis on the exploration process the speed of a task completion can not constitute a valuable metric [START_REF] Teevan | Slow search: Information retrieval without time constraints[END_REF]. On the contrary some evaluation protocols assume Chapter 2. Exploratory search that efficient exploratory search systems encourage their users to explore during a long time [START_REF] Capra | Effects of structure and interaction style on distinct search tasks[END_REF]. Third, the comparison of exploratory search systems among themselves is also difficult because they have very diverse features and design [START_REF] Wilson | Evaluating advanced search interfaces using established information-seeking models[END_REF]. For instance [START_REF] Smith | Toward a design space for categorized overviews of search results[END_REF] reported 14 dimensions for categorized overviews that have been used in the literature (till 2009). This diversity leads to a high amount of independent design variables that are difficult to compare. Fourth the users' fatigue inherent to exploratory search and the duration of the tasks prevent from evaluating a large amount of queries. Evaluation of such systems remains today an active research topic. The elaboration of more precise research questions, protocols, tests collections and tasks is needed. They will lead to more objective studies, better comparison that will then result in significant systems' improvements. Today many candidate methods are tested and often lead to results that are difficult to compare among themselves.

Task-based scenarios are sometimes used to evaluate exploratory search systems. To be realistic the users have to be in a situation where they lack knowledge and have a fuzzy information need. Moreover the task has to be sufficiently complex to require browsing and exploration and should lead at a certain point to discoveries. This is hard to design. Moreover during an exploratory search task the outcomes are very subjective: the users interpret the task, the results and their relevance. In the past works both [START_REF] Kules | Users can change their web search tactics: Design guidelines for categorized overviews[END_REF], [START_REF] Yee | Faceted metadata for image search and browsing[END_REF] and [START_REF] Kules | What do exploratory searchers look at in a faceted search interface[END_REF] proposed simulated scenarios that needed an exploratory search tasks to be satisfied. As reported in [START_REF] Kules | What do exploratory searchers look at in a faceted search interface[END_REF], based on the existing literature, the desirable characteristics of exploratory search tasks are: "uncertainty, ambiguity, discovery, having an unfamiliar domain for the searcher, providing a low-level of specificity about how to find the information, constituting a situation that provides enough imaginative context for the participant to relate and apply the situation".

In [START_REF] Kules | What do exploratory searchers look at in a faceted search interface[END_REF] the authors looked at the log sessions of the system they evaluated to identify which topics were subject to exploratory search behavior. These topics engendered search sessions that notably included the use of facets. A candidate topic was for instance "british history". Then they used the following template scenario to generate four exploratory search tasks: "Imagine that you are taking a class called xxx. For this class, you need to write a paper on the topic xxx. Use the catalog to find two possible topics for your paper. Find three books for each topic". They also introduced two structured tasks (e.g."Look up background information in a book titled Firefly encyclopedia of trees"). Introducing these two structured tasks helped the authors to verify if their task design was successful i.e if the users perceived a difference between the exploratory search tasks and the structured known-item tasks. It was a success as the participants often grouped the four exploratory search tasks together as well as the two structured search tasks. The participants also affirmed that:

• They were more familiar with the structured search tasks.

• It was less easy to accomplish the exploratory search tasks.

• They were less confident about the fact they fulfilled the exploratory search

Conclusion

tasks.

• The exploratory search task completion supposed to identify multiple items, contrary to the structured ones.

• They changed far more often what they were looking for during the exploratory search tasks.

It proves that even if it is difficult it is possible to create search tasks that are exploratory to a certain extent. In [START_REF] Wildemuth | Assigning search tasks designed to elicit exploratory search behaviors[END_REF] the authors identified several attributes required for an exploratory search task, based on a review of existing literature at the time of writing (2012):

• The work tasks that are the focus of the simulations should be oriented toward learning and investigation tasks. They may include everyday life information problems; a work task does not have to be completed within a "work" setting.

• The context and situation for the work task should be clearly specified; the topic or indicative request is an opportunity for introducing some ambiguity. Topic assignments that are open-ended and/or target multiple items as results are more likely to elicit exploratory search behaviors. A balance needs to be struck between the standardization required for an experiment (in which each subject is performing the same assigned task) and the inherent flexibility of exploratory search.

• Multiple facets should be included in the simulated work task situations and the search topics. Introducing multi-faceted search tasks will serve the dual purpose of making the simulated work task situations more realistic and ensuring that they are not too simple to evoke exploratory search behaviors.

• Possibilities for eliciting dynamic multi-stage searches should be considered. The most obvious approach would be to write the simulated work task situations as involving multiple stages; however, this approach will not capture the types of changes in the search processes that might be invoked by changes in the searcher's understanding of the problem. Longitudinal study designs would be useful, even if difficult to implement.

• Data collection and evaluation methods should be attuned to the goals and attributes of exploratory search tasks. Particularly for studies related to system design, the resulting system will be more effective if it can provide seamless support through searching and into information organization, analysis, and sense-making use.

Conclusion

Even if search engines are very popular and intensively used there is still an important room of improvement concerning complex search query and need, includ-
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ing exploratory search ones. The actual major search systems are optimized for lookup tasks and do not offer a sufficient support for complex information needs.

Consequently the users rely today on their own search strategies to perform exploratory search. The strategies of compensation they employ are cognitive consuming. An interesting research dynamic started around human-computer information retrieval systems and exploratory search in particular. It is important to improve the performance of search engines for these tasks as it is notably related to learning and decision-making. Today there is still a lot of research on the exploratory search definition itself. It is difficult to characterize it as the high user involvement in the search process makes the classic information retrieval models unadapted. There is consequently an important heterogeneity in the systems proposed today. The evaluation of these systems is also a hard point for many reasons. 

Introduction

The search applications are dependent on the web content quality. Complex information needs such as exploratory search ones can be solved more efficiently by processing machine-understandable content. An important trend impacting the search engines today is the proliferation of structured data on the web. These data are published using microformat, microdata or semantic web formats. The machine readability of structured data is a central motivation for the semantic web vision: "an extension of the current web in which information is given well-defined meaning, better enabling computers and people to work in cooperation" [START_REF] Berners-Lee | The semantic web[END_REF]. In this context, the Linked Open Data ongoing initiative is particularly of interest. It leads to massive data publications in semantic web formats, constituting the Linked Open Data cloud. Recently end-users applications using linked data sources as background knowledge appeared. They demonstrated the maturity of such data, especially DBpedia, as a valuable knowledge source for end-user purposes.

Search is deeply impacted by the increasing amount of publicly accessible structured data on the web. The incorporation of semantics in search is referred to as semantic search, which is a very active research topic. Meanwhile semantic Chapter 3. Semantic search searches functionalities and applications are deployed over the web, notably by major players. Consequently the users are more and more familiar with it. Semantic search can take many forms. It can target a wide range of users' information needs and is particularly promising for solving complex information needs including exploratory search. The semantics can be used to enhance various component of a search system including its processing capabilities and interface.

In this chapter we will review (3a) the importance of the structured data publication trend today, (3b) the semantic web vision and realizations including the Linked Open Data initiative, (3c) the existing semantic search approaches and their actual deployment through industrial initiatives.

Structured data proliferation

Today, more and more structured data are embedded in HTML pages. An increasing amount of websites use markup standards to identify various objects in their content such as dates, events, reviews or people. For this purpose websites developers employ markup standards such as Microformat1 , Microdata2 and RDFa3 . The microformats were the first semantic markup in HTML that were widely used. It is a grass-root effort driven by an online community. Microformats are not standards. Microdata is standardized by the W3C and allows to embed semantic content in web pages. RDFa (RDF in attributes) is a W3C recommendation that enables to embed RDF triples in HTML pages. For an extensive presentation of RDF, the reader may refer to the Semantic web section of the chapter.

The publication of structured data is encouraged by major web players such as Bing 4 , Facebook5 , Google, Yahoo6 that process and make visible these data within their applications. In 2008 Yahoo launched SearchMonkey 7 , an open platform that allowed web developers to enhance the appearance of their websites in the Yahoo search results. The services used, among others, the Microdata and RDFa formats. Embedded metadata were used to enrich the search results presentation. The service was shut down in 2010. In 2012 Bing, Google and Yahoo and Yandex8 released schema.org 9 . Schema.org proposes a microdata vocabulary supported by these major search engines in order to offer more structured results to the users. In the following source code extract the schema.org classes Movie10 , AggregateR-
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ating 11 , Person12 and related properties are visible. These information are used in search engine rich snippets to enhance the results presentation, see figure 3.1. In 2014 schema.org evolved to allow the websites to describe the actions they enable and how these actions can be invoked13 e.g. make a reservation in a restaurant. Listing 3.1: Extract of schema.org microdatas present in IMDB's 2001 : a space odyssey HTML page 1 <div id=" pagecontent " itemscope itemtype ="http :// schema .org/ Movie"> 2 ... 3 <div class ="star -box -details " 4 itemtype ="http :// schema .org/ AggregateRating " 5 itemscope itemprop =" aggregateRating "> 6 Ratings : 7 <strong ><span itemprop =" ratingValue ">8,3</span ></ strong > 8 from <a href=" ratings ?ref= tt_ov_rt " 9 title="293 491 IMDb users have given a weighted average vote of 8 ,3/10" > 10 <span itemprop =" ratingCount ">293 491 </span > users 11 </a>&nbsp; 12 </div > 13 ... 14 <div class ="txt -block" itemprop =" director " 15 itemscope itemtype ="http :// schema .org/ Person "> 16 <h4 class=" inline ">Director :</h4> 17 <a href="/name/ nm0000040 /? ref_= tt_ov_dr " itemprop ='url '> 18 <span class=" itemprop " itemprop ="name">Stanley Kubrick </span ></a> 19 </div > 20 ... Meanwhile Facebook played an important role for the adoption of RDFa. Their Open Graph Protocol (OGP) 14 is based on RDFa. The social network released the OGP in 2010 when they started the distribution of the like button all over the web. Third-party websites have the possibility to integrate the like button on their content in order to be visible inside Facebook and benefit from its social activity.

Thanks to the RDFa markups contained in the pages, the social network is able to correctly integrate the third-party content by recognizing its nature (e.g. a film) and its components (e.g. title, description, depiction). In addition to schema.org microdata IMDB also uses the OGP vocabulary in its HTML pages, see figure 3 [START_REF] Bizer | Deployment of rdfa, microdata, and microformats on the web-a quantitative analysis[END_REF] performed an analysis over 3 billion web pages originating from 40 million websites. They found that 50% of the top 10.000 websites, according to Alexa analytics 15 embed structured data. They also discovered structured data within 369 million out of the 3 billion pages contained in the corpus (12.3%). These pages originated from 2.29 million websites among the 40.6 million websites, identified by their pay-level-domain (5.64%). The study also confirmed that the vocabularies proposed by the major players are very popular: OGP for RDFa and schema.org for Microdata. An important traction comes from the visibility of structured data through popular applications, forming a virtuous circle.

Semantic web

Semantic web

Tim Berners-Lee, the web inventor, is the main semantic web initiator. He publicly highlighted the need for semantics in the web at WWW conference plenary in 1994 16 . He proposed a high-level plan of its architecture in 1998 17 . The semantic web vision became more visible thanks to an article published in 2001 in the Scientific American [START_REF] Berners-Lee | The semantic web[END_REF]. This article attracted the attention of many researchers and triggered a community-wide effort to realize this vision. Semantic web can be defined as the web augmentation by formal metadata giving to software the access to some semantic facets of information. Another definition is the semantic Web is about exposing structured information on the web in a way that its semantics are grounded on well-defined and agreed-upon vocabularies [START_REF] Koumenides | Ranking methods for entity-oriented semantic web search[END_REF]. In others words it aims to increase and enhance the web functionalities by enabling readability of its information. Tim Berners-Lee put forward the idea to use the web architecture and principles to express the meaning contained in the web pages. By exploiting the resulting formal metadata the software agents reach a level of understanding that makes possible a new level in process automation and information access. The semantic data introduced are complementary to the original graph of documents and does replace it.

In 2001, the web was mostly a huge graph of documents i.e. of web pages. When the semantic web vision was proposed the question of how to represent the semantic information on the web arose. The reflection and elaboration of the models and formalisms began. Tim Berners-Lee proposed the semantic web layer cake at the XML 2000 conference, see figure 3.3. It can be considered as the semantic web technological roadmap. All the layers are standards and are developed within the W3C. The semantic web is extending the document layer of the web by a data layer, expressed in RDF, and an ontology layer. They are described hereafter.

The first layer is the Uniform Resource Identifier / International Resource Identifier 18 one. This standard allows giving a unique identification of a resource on the web.

The Resource Description Framework is a graph model to describe resources. It was initially expressed in XML syntax but later other syntaxes were proposed19 e.g. Turtle and RDFa. RDF is the bedrock of the semantic web. It is used to express simple statements about resources. RDF is a basic assertion model allowing the expression of triples in the form subject -predicate -object e.g. Claude Monet -isBornIn -Paris. The subject is always a resource identified by its URI. The object is a resource or a primitive value. RDF is simple and flexible and constitutes a solid basis for more expressive languages.

The SPARQL language [START_REF] Prud | SPARQL query language for RDF[END_REF], recursive acronym for SPARQL Protocol and RDF Query Language, allows to query an RDF base through its SPARQL endpoint. The syntax of the language is inspired by the Turtle one and is close to SQL one. SPARQL is a key technology for the semantic web; it is an official W3C recommendation since 2008 20 . SPARQL queries are in the form of graph patterns that include variable(s) instead of subject(s) and/or predicate(s) and/or object(s). The SELECT clause specify the variable(s) to retrieve and the WHERE clause receive the graph pattern to match with the graph queried. SPARQL is very expressive and allows the expression of unions, intersection, optional clauses, regular expression filtering, basic mathematic computation, grouping, sorting. It also allows to retrieve graphs instead of results sets thanks to the CONSTRUCT clause.

There is a need for more descriptive levels to support advanced reasoning. This is the purpose of the ontological layer. An ontology is a partial representation of a world's conceptualization [START_REF] Guarino | Ontologies and Knowledge Bases -Towards a Terminological Clarification[END_REF] or in other words the conceptual vocabulary of a domain. It is a necessary representation to exchange the data between the applications and to support automatic reasoning by giving descriptions on the resources themselves. Ontologies support shared understanding of domains of interest [START_REF] Uschold | Ontologies: Principles, methods and applications[END_REF]. They avoid the conceptual and terminological confusions among the users and software agents. Several semantic web ontology models exist; they differentiate themselves in their level of expressivity. RDF-Schema (RDFS) 21 uses the RDF specifications and extends it in order to support basic reasoning. Its expressivity is limited but powerful. RDF notably allows the expression of classes and properties hierarchy (thanks to rdfs:subClassOf and rdfs:subPropertyOf ). It allows specifying the properties domain (the class of resources that the property should be used to describe) and range (the class of resources that should be used as values for that property). The second semantic web ontology language is the Web
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Ontology Language 22 (OWL). OWL is has several levels of complexity: EL, QL and RL 23 . As the expressivity of the model raises the automation of the reasoning becomes more powerful but also more complex. A version 2.0 of OWL is currently being developed 24 . These ontology languages allow to make inferences on RDF data i.e. producing new knowledge from existing knowledge.

Today, the top levels of the semantic web architecture (trust and crypto) are not stable and subject to active research. 

Linked data

Principles

Once the semantic web concepts and models were sufficiently mature the research community started to think about the ways to publish a large amount of RDF data. There was a need to demonstrate the vision and gains traction within the developer community. Initiatives were launched to design mapping languages having the objective to convert relational data into linked data e.g. the W3C RDB2RDF 25 . At this time the publication of semantic data was difficult and required expensive translation processes. It resulted in moderate growth, sparsity and poor demonstration of value capabilities. The most successful initiative in terms of semantic web data publication started in 2007: the Linked Open Data project. The linked open data project is a community initiative launched by the W3C that aims to Chapter 3. Semantic search identify datasets under open licenses and to republish it relying on the principles of the web and using the semantic web formalisms. The conversion is performed in a grass-root manner: data first, schema second (often derived from data) and logic third. The project also aims to connect these datasets among themselves. By releasing massive and useful linked data sources, this initiative gave a fresh boost to the semantic web research community and increased its public visibility. It helped solving the chicken-and-egg problem encountered by the community: the lack of data leads to the lack of applications which leads of the lack of data, etc. To be in line with this success the W3C semantic web activity has been replaced by data web activity in 2013 26 . Tim Berners-Lee introduced in 2006 four principles to follow for the their publication27 :

• Use URIs to denote things.

• Use HTTP URIs so that these things can be referred to and looked up ("dereferenced") by people and user agents.

• Provide useful information about the thing when its URI is dereferenced, leveraging standards such as RDF*, SPARQL.

• Include links to other related things (using their URIs) when publishing data on the Web.

Four years later, 5 complementary principles were proposed. They are less technical and are in the sense of the open data movement which aims to release public data for the good of societies (data about education or public expenses for instance):

• Available on the web (whatever format) but with an open license, to be Open Data.

• Available as machine-readable structured data (e.g. excel instead of image scan of a table).

• as (2) plus non-proprietary format (e.g. CSV instead of excel).

• All the above plus, Use open standards from W3C (RDF and SPARQL) to identify things, so that people can point at your stuff.

• All the above, plus: Link your data to other people's data to provide context.

Microformats and microdata publish the descriptions of entities that are distributed all over the web and isolated; on the contrary linked data states explicitly the relationships between the entities. Data are described through RDF links that go through the servers and connect all the data in a single global graph called the linked open data cloud 28 .

Schemas

It is a common and good practice to reuse existing third-party ontological vocabularies when publishing new data. It increases the homogeneity and interoperability of the distributed data sources. The data publishers consequently combine terms from existing vocabularies with proprietary ones covering their specific needs. The Linked Open Vocabulary project shows the dependencies between the vocabularies 29 .The vast majority of the linked data sources have ontology vocabularies that uses terms from OWL and RDFS. Some others schemas, described hereafter and used in following works of this thesis, are also well represented in the linked open data cloud:

The Dublin Core Metadata Initiative 30 provides a set of metadata for describing numeric and physical resources. Widespread properties in the linked open data cloud include: dcterms:creator to specify the maker of the resource (e.g. a person, a company), dcterms:date to specify a date related to the resource, dcterms:description to add a description of the resource and dcterms:subject that specify the topic of the resource in the form of a text, a code or better another resource.

The Friend-Of-A-Friend project (FOAF) 31 , started in 2010, proposes a widespread vocabulary that serves to describe persons, their social links and relations to others objects (e.g. authoring). Several social networks use the FOAF vocabulary to expose their data: LiveJournal 32 (social network and blogging) and Identi.ca 33 (open source micro-blogging service) for instance. The FOAF data distributed over the web constitutes a decentralized social network following the distributed principles of the Web. The FOAF profiles are regularly crawled in order to support researches. 34 is together with FOAF the most important vocabulary when considering the socio-semantic web. SIOC was released in 2004 and aims to link the communities content on the web. It provides a vocabulary for describing common resources in platforms such as forums, blogs or mailing list (e.g. user accounts, messages, threads). SIOC aims to break the "walled garden" of the social networks by proposing an open vocabulary increasing the interoperability between the platforms [START_REF] Breslin | The future of social networks on the internet: the need for semantics[END_REF]. In fact today the users are isolated within numerous platforms (one account per application) that are independent from each other's. SIOC exporters for Wordpress 35 , Drupal 36 and vBulletin 37 are available.

Semantically-Interlinked Online Communities (SIOC)

Simple Knowledge Organisation System (SKOS) 38 is an RDFS schema used to describe concepts hierarchies such as taxonomies, folksonomies or thesauri. The concepts are linked by properties representing a subsumption hierarchy. These properties include skos:broader and its opposite skos:narrower. They are powerful to describe topic ontologies where the semantic of rdfs:subClassOf is inappropriate. Indeed the subclass relationships can not be applied for topic taxonomies. For instance Pointillist_Painter is not a valid subclass of Impressionist_Painter. The property skos:broader is appropriate in this case. SKOS also proposes the more general skos:related property that allows declaring that an association exists between two concepts.

Basic Geo Vocabulary 39 is a simple RDFS vocabulary that notably allows the representation of latitude (geo:lat property) and longitude (geo:long property) following the World Geodetic System 84 standard 40 .

Datasets

The amount of linked data triples uploaded on the web is actually constantly growing. They originate from various initiatives driven by research, private and governmental actors. There is an important representation of the domains having a strong experience in knowledge representation and classification. The life sciences data and libraries ones are well represented [START_REF] Bizer | Topology of the web of data[END_REF]. In 2014 the graph of the linked data has an estimated size of 100 billion triples [START_REF] Koumenides | Ranking methods for entity-oriented semantic web search[END_REF]. The governments are increasingly attentive to this technological shift. There is a growing amount of open data initiatives. The United Kingdom platform 41 makes use of the semantic web technologies.

A reflexion around linked data economy and market start to emerge. [START_REF] Barbera | Linked (open) data at web scale: research, social and engineering challenges in the digital humanities[END_REF] stresses the absence and the need of a lively economic environment for linked data. In the opinion of the author it is time to transform the actual enormous amount of data obtained from research into a virtuous circle of value creation. [START_REF] Zollinger | Market-based sparql brokerage: Towards economic incentives for linked data growth[END_REF] goes further by proposing a market-based SPARQL broker that identify the best dataset to query (free or paying ones) according to quality and cost inputs. The main finding of their simulations is that a mixture of free and commercial providers results in the best market performance for both data users and producers. Linked data is also an important topic of research for the Web Science community 42 . Web Science is a multidisciplinary community (computing, physical, social sciences) that studies the vast information network of people, communities, organizations, applications, and policies that shape and are shaped by the Web, the largest artifact constructed by humans in history.

Linked data is constantly evolving material: new sources emerge online and 

Linked data

the datasets are updated as well as their connections. The fact to connect several knowledge sources that were previously isolated allows performing queries taking advantage of such connections that were hard or impossible before. The semantic datasets are mainly available in the form of raw files or through the SPARQL endpoint of triple-stores. Triples are graph-oriented database which are close to tradition relational database management system in term of functionalities.

A central and emblematic initiative in the linked open data cloud is DBpedia. DBpedia is the RDF semantic conversion of Wikipedia. The idea of using Wikipedia to produce linked data was initially proposed by [START_REF] Völkel | Semantic wikipedia[END_REF] with an extension of the MediaWiki software allowing the contributors to specify semantic relations while writing the content. It is a collaborative approach. The DBpedia project has a totally different approach as it performs an automated extraction. It was started by the Free University of Berlin, the University of Leipzig and the OpenLink Software company in 2007. The authors observed that there were at that time only punctual initiatives limited to defined domains with closed schemas [6]. They stressed the need to create a global traction by proposing a cross-domain data source, useful and accessible to a general audience as well as to make a solid training ground available to the research community. Before DBpedia the researches were restricted to manually crafted and domain-specific datasets. As it is difficult to design a generic schema for a web-scale cross-domain data source they propose a grass-root approach: they extracted and deduced the ontology from the data. They applied this method to Wikipedia data to build DBpedia. Wikipedia offers several decisive advantages:

• The data are available under a free license (Creative Commons 43 ).

• Due to its encyclopedic nature it covers numerous topics and a wide range of domains. At the time of the writing there are more than 4 million articles in the English version.

• It is a negotiated, consensual knowledge thanks to its collaborative writing process. It represents a community agreement to a certain extent.

• It is continuously updated as it is written by a large and active community of contributors.

• It is mainly constituted of text but over the years the collaborators also describe many structured data that constitute excellent candidates for an RDF conversion.

DBpedia can be considered as the machine-understandable equivalent of Wikipedia. It makes this collection of encyclopedic knowledge, previously only accessible for human reading, usable by machines. The couple Wikipedia-DBpedia is unique on the web. It offers both the same information on textual and structured forms about a wide range of topics. Moreover this knowledge is accessible Chapter 3. Semantic search in several languages. Thanks to its very wide coverage DBpedia is also the key interlinking hub of the Linked Open Data cloud. The new datasets link their data to DBpedia in order to be more visible and to be indirectly connected to others sources.

Technically the conversion of Wikipedia pages to RDF is performed thanks to a set of extractors. At the time of writing there are sixteen extractors 44 targeting various part of the HTML pages: e.g. title, image, geographic coordinates. An important extractor is the infobox one that identifies and converts the data contained in Wikipedia infoboxes 45 . The infoboxes are the set of structured data displayed on the top-left of Wikipedia pages, see figure 3.5. They constitute information patterns used on the pages for a particular topic class (e.g. the painters). The DBpedia community creates mappings 46 that specify the correspondences between the infoboxes properties and the DBpedia ontology: e.g. the born field corresponds to the http://dbpedia.org/ontology/birthDate and http://dbpedia.org/ontology/birthPlace properties. The extractor identifies in this case the bith place and data that are mixed in a single text field in Wikipedia. The conversion results in a set of triples having the page's topic as object, see figure 3.6. The extraction is run periodically. As the number of mappings raises the DBpedia ontology becomes more detailed and the data quality increases. A live version 47 of DBpeda publishes RDF sets that list the changes within Wikipedia minutes by minutes. The online encyclopedia in continuously updated and some applications require the freshest data, for instance applications based on the news. DBpedia 3.9 was released in september 2013 and it offers 48 An important part of the DBpedia knowledge is captured by the hierarchy of categories. In Wikipedia the articles are classified into categories that appear at the bottom of the pages in order to assist browsing. For instance Claude Monet49 belongs to, among others: artists from Paris, french impressionists painters, alumni of the école des beaux-arts. The articles are usually placed in the most specific categories to avoid an explosion of their number. The DBpedia categories can be considered as an orthogonal knowledge structure in DBpedia. They are typed as skos:concept and linked each-others thanks to the skos:broader property. Several DBpedia-based applications make use of the categories hierarchy to make sense out of the data. An illustration of the categories hierarchy, as well as the DBpedia use of third-party vocabularies can be seen on figure 3.7.

Wikipedia is an international project, written in 287 languages 50 . The DBpedia resources' labels and abstracts (short descriptions) are stored in multiple languages [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF]. It is consequently easy for applications that use DBpedia as a Figure 3.7: Illustration of the categories hierarchy and use of third-party vocabulary in DBpedia knowledge source to switch from one language to another. Moreover Thanks to local initiatives 15 international language-specific DBpedia versions are extracted from corresponding Wikipedias and accessible through SPARQL endpoints 51 . As the languages are related to cultures, these local chapters significantly vary in the knowledge they capture 52 . It is consequently important that this movement continues in order to offer the best knowledge coverage in the international context of the web. For instance it is more interesting to query the French-speaking DBpedia SPARQL endpoint 53 than English-speaking one when considering the French museums, see figure 3.8.

Several tools help the creation of semantic content and applications. As mentioned before the semantic annotations volume significantly increases on the web. But at the time a vast amount of web pages are not semantically annotated. Several commercial and research tools allow identifying semantic resources contained in raw textual document such as web pages. This process is known as named entity recognition. It is useful as it creates semantic views of unstructured documents. Then this extra-knowledge can be used to enable processing that requires a semantic description of the content. Popular solutions include OpenCalais 55 Zemanta57 , DBpedia Spotlight58 and Stanbol 59 . Some of these systems operate on DBpedia. DBpedia constitutes a valuable knowledge to solve the natural language polysemy by using contextual elements [START_REF] Stan | A semantic framework for social search[END_REF] e.g. recognizing that a web pages deals with the Apple company and not with the fruit. The uniqueness of the URI used in the web of data eases the disambiguation. Several works mentioned in this thesis make use of named entity recognition. Another popular tool based on DBpedia is the lookup 60 . It enables auto-completion composed of DBpedia resources starting from a string, when typing a query for instance. In other words it is a rapid keyword resource search/selection.

The DBpedia automated conversion process is powerful and results in a large and useful dataset. Nevertheless it also leads to inconsistencies and errors in data. Basically wrong information present in Wikipedia will lead to wrong data in DBpedia. The Wikipedia collaborators also make errors or approximations in the writing process itself or in information structuring that will be crystallized in RDF. It is mainly due to misuse of Wikipedia infoboxes [START_REF] Waitelonis | Whoknows? evaluating linked data heuristics with a quiz that cleans up dbpedia[END_REF], another known problem is the presence of cycles in the hierarchy of categories e.g. morals placed under ethics and inversely [START_REF] Suominen | Improving the quality of skos vocabularies with skosify[END_REF]. The errors and inconsistencies are an important problem for the linked data initiative which is mainly based on automated conversions of large public data sources. Research works that detect and correct these inconsistencies are essential, e.g. [START_REF] Waitelonis | Whoknows? evaluating linked data heuristics with a quiz that cleans up dbpedia[END_REF]. It is especially critical for end-user applications where wrong knowledge can be exposed and lead to a loss in confidence by the users. Others works aim to improve the dataset by inferring missing information that are not present in the original data source e.g. automatic typing of resources [START_REF] Gangemi | Automatic typing of dbpedia entities[END_REF]. [START_REF] Torres | Improving wikipedia with dbpedia[END_REF] proposes to use DBpedia data to improve Wikipedia, creating a virtuous circle.

Applications

The applications that use linked data as background knowledge has to face two main problems today:

• Semantic heterogeneity: a difficult point is that different data sources use different vocabularies to represent similar data. For instance, at a time the DBpedia Spanish-speaking version 61 used foaf:name instead of rdfs:label to store the resources labels (now corrected). Another problem is that a vocabulary can be used in different ways by several data sources e.g. associating different types of values to an identical property. The LOD is a community effort and it is difficult to prevent such inconsistencies at web-scale.

• Data quality: the web of data, like the web, contains outdated, conflicting and as mentioned before wrong data. The W3C has launched the Provenance Working Group 62 in order to propose solutions to track the provenance of the data. Mechanisms to assess the data quality and truth-worthiness are increasingly needed. The Prov-Ontology became a W3C recommendation in April 2013 63 .

Dadzie identifies the following challenges for linked data use [START_REF] Dadzie | Hide the stack: toward usable linked data[END_REF]:

• Exploration starting point: where to start; existing LD browsers assume the end user will start browsing from a specific, valid URI. How can a vizualisation starting point be presented to users in such a way that it is meaningful?

• Combating information overload: presenting end users with all the properties of a given resource, along with the relations through which the resource is linked to other entities, leads to information saturation and a dense information space. How can we present this information in a more legible form?

• Returning something useful: RDF is the staple recipe for resource descriptions, returning information using this knowledge representation format inhibits comprehension. How can RDF, and the information contained within + result object instance descriptions, be represented in a more legible, manageable form?

• Enabling interaction: end users are familiar with the makeup of the Web and its browsable nature. Is it possible to replicate such familiarity which users experience when browsing the WWW on the WoD (Web of Data)?

Search with semantics

Several end-user applications make use of linked data datasets and DBpedia in particular to enable new user's experiences. These realizations include Seevl 64 a music discovery platform displayed on figure 4.30, the BBC website augmentation by linked data 65 and Everything is connected 66 that creates a short narrative film explaining how the user is indirectly connected to an item of his choice, starting from his Facebook profile. 

Search with semantics

For a long time web search algorithms have been based on textual similarity and web pages graph structural criteria. The use of refinements strategies such as personalization or collaborative filtering help to retrieve better results but there is still an important room for improvement. As stated in [8]: "search engines are hindered by their limited understanding of user queries and the content of the Web, and therefore limited in their ways of matching the two". The semantic data sources allows to elaborate better representation and modeling of the human cognition as well as of the content. One definition of semantic search is a retrieval paradigm that first, makes use of the structure of the data or explicit schemas to understand user intent and the meaning of content and; second exploits this understanding at some part of the search process 67 . Major search engines have made heavy investments on computational power to tackle scalability and speed of service issues. It does not help to satisfy complex information needs. Complex search tasks require a better understanding of the user's intent and information/data collection that is searched. Using the seman-64 http://seevl.fm/ 65 http://www.w3.org/2001/sw/sweo/public/UseCases/BBC/ 66 http://everythingisconnected.be/ 67 http://slideshare.net/pmika/making-things-findable Chapter 3. Semantic search tics helps retrieving relevant results for these tasks and presenting them through intuitive interfaces.

Semantic search (later join by recommendation, see chapter 4) has a major role to play for lowering the technical barriers and help the casual users to benefit from the linked data richness. In fact, until recently the consumption and use of such data was limited to experts that are able to read the RDF syntax and use others technical languages and tools. By the way even technical users face difficulties due to the increasing size and complexity of the linked data datasets. It is more and more difficult to get a good understanding and mental model of them without the support of efficient tools [START_REF] Dadzie | Hide the stack: toward usable linked data[END_REF]. Increasing the efficiency of semantic search systems is also crucial as the volume of structured data dramatically increases and risks to overwhelm the users and software agents as the web pages did in the midnineties i.e. avoid the user to be lost in the hyperspace [START_REF] Hardman | âlost in hyperspaceâ: Cognitive mapping and navigation in a hypertext environment[END_REF]. The availability of a growing amount of semantic data enables new user experiences but at the same time introduces numerous research challenges due to the complexity of integrating them in the search process. Efficient semantic search systems will also demonstrate the large-scale utility of semantic data and encourage their production.

Concepts and approaches

There is an important amount of research works dealing with semantic search, including linked data based approaches. It is a dynamic research area. These works propose solutions to solve the problems and explore the opportunities brought by these rich but complex data. There is an increasing interest to ease the consumption of semantic data by easing search on it, to hide the semantic web stack [START_REF] Dadzie | Hide the stack: toward usable linked data[END_REF] to the users through appealing and intuitive interfaces. The idea of searching thanks to concepts and their meanings rather than literal strings has been investigated by information retrieval research community since the 1980s. Early work that introduced knowledge base to enhance an information retrieval system are mentioned in [START_REF] Crestani | Application of spreading activation techniques in information retrieval[END_REF] under the name of Intelligent Information Retrieval systems: "the aim (of these systems) is to use application domain knowledge in the indexing, in the similarity evaluation, or to enrich the query representation". These early works date from 1987 [START_REF] Croft | Approaches to intelligent information retrieval[END_REF] and 1992 [START_REF] Haas | Text-based intelligent systems: Current research and practice in information extraction and retrieval[END_REF]. Some research propositions are now massively deployed on major player applications, it is the case of [START_REF] Guha | Semantic search[END_REF] that proposed document search augmentation with structured data that is very close to the recent Google Knowledge panel 68 , see figure 3.10. The topic is not new and is vast. It consequently gathers the efforts of several research communities including natural language processing, database, information retrieval, knowledge representation and human-computer interaction ones. The difference between traditional search approaches and semantic search is summarized by Koumenides and Shadbolt in [100]:

Search with semantics

Traditional approaches to information retrieval often treat documents as collections or bags of individual words, and their correspondence to a similar representation of user queries generally determines their level of similarity. This notion has often been coupled with simple forms of natural language processing [8] and features based on links, such as popularity and usage, when search is conducted over web-accessible documents. More elaborate retrieval models have also evolved in an effort to include information related to the classification of content inside documents, to prioritize selections based on where query terms are found within the documents (whether part of a title, body, anchor text, etc.). The idea of semantic search is to diverge from this coarse view and sometimes monotonic treatment of documents to a finer perspective, one that is able to exploit and reason intelligently with granular data items, such as people, products, organizations, or locations, whether that is to complement document retrieval or to facilitate different forms of search. Numerous semantic search systems were created in industrial and research contexts. [START_REF] Tran | A survey of semantic search approaches[END_REF] and [START_REF] Ceri | Semantic search[END_REF] identified the varying aspects of the existing systems. We merged and synthesized them, see figure 3.11, in order to offer an overview on semantic search approaches and to better position our work in the next chapters:

• The tackled information need [START_REF] Akim | Spreading activation for web scale reasoning: Promise and problems[END_REF]: semantic search approaches aim to support a wide range of search tasks and objectives. It is particularly of interest for precise information needs requiring a factual answer that can be retrieved and computed from data. Is is also promising for open search tasks like exploratory search, in this case the meaning of the data is used to focus the user attention on important information, to structure the interactions and to propose unexpected information paths.

• The query paradigm (2) is strongly related to the addressed information need, it includes precise inputs related to an entity or related facts, natural language query and iterative query building. The latter is popular for complex and cognitive-consuming search tasks like exploratory search. In this case the systems rely on schemas and data semantics to set up refinement filters. The query is implicitly or explicitly (query completion, drag and drop) modified/refined along the navigation of the user in the results space.

• The semantic matching framework (3): one of the key problematic inherent to semantic search systems is to make an interpretation of the user's information need and to match it with the data collection. The representation of the query is therefore a crucial element of the system. An entity recognition can be performed on the query if is typed in plain text. Some semantic search systems also provide direct entity search (e.g. thanks to a DBpedia lookup).

Another possibility is to match the user's query keyword to data collection resource's literals (e.g. labels, descriptions of resources). Several systems also offer natural language querying capacities; the translation of the user's query into the semantic data model is a difficult problem and requires fine exploitation of the semantics. Advanced matching solutions include also semantic adaptations of the vector-space model.

• The semantic data origin (4): The data can be directly published/generated in a structured format (e.g. LOD dataset, domain knowledge base) and/or converted from a relational data source and/or obtained thanks to an entity recognition over a set of raw documents. They are often formated in RDF but not exclusively.

• The semantic model (5) to understand the data and query can be a knowledge model that represents classes of entities, related attributes and properties (written in OWL or others languages). Lexical models like thesaurus, capturing the semantics at the level of the words are also common.

• The processing of results (6): there are a lot of research about ranking algorithms for semantic data.

In addition to new algorithm propositions, adaptations of spreading activation [START_REF] Preece | A spreading activation network model for information retrieval[END_REF], TF/IDF (Term-Frequency/Inverse-Document-Frequency), PageRank or HITS (Hyperlink-Induced Topic Search) [START_REF] Kleinberg | Authoritative sources in a hyperlinked environment[END_REF] algorithms are also used in semantic search systems.

• The retrieved results and interface (7): the systems can retrieve data, documents or both. Data-retrieval approaches consider ensemble of entities and/or the paths between them as unit of results. The documents/web pages make sense in themselves, when dealing with data it is the data combination, the relations between entities that make sense and that are presented to the user. Thus many semantic search approaches aims to identify in the mass the most relevant resources that will contextualized the object(s) of interest and create a meaningful, informative ensemble. Depending on the search objective the interfaces can be generic (e.g., tables, trees, lists), factspecific (e.g., maps, timelines) or entity-specific (e.g. weather in Paris). This shift to a finer granularity is an important research challenge. The integration of structured data in the user experience by major players is progressive but now highly visible. The impact on the search process is important and visible to the users. Several applications and functionalities go now further than a simple integration of semantic data through rich snippets. The embellishment of interfaces is a first step that already significantly improve the user experience [START_REF] Haas | Enhanced results for web search[END_REF] but semantic search is still at its infancy. In this part we will review important industry initiatives. They demonstrate that search is increasingly moving from words to entities of different types (e.g. persons, places, companies). These systems are proprietary, the algorithms, software solutions and knowledge sources they use are often unknown and publicly inaccessible.

A domain of application of semantic search technologies that have hit the market is the natural language search. This type of search consists of interpreting the user queries that are formulated in natural languages. Natural language processing (NLP) can support tasks like sentiment analysis, question answering and search. The semantics gives a structure that enables a better understanding of the language. Powerset 70 , founded in 2006 developed a natural-language search engine based on Freebase and semantic data extracted from Wikipedia 71 through syntactical analysis. It was the first commercial search engine to make use of semantic analysis. The company was acquired by Microsoft in 2008 in order to improve the Bing search engine. Evi, previously known as TrueKnowledge, is a company that launched in 2007 an open domain question-answering platform processing a large base combining commonsense, factual, and lexical knowledge to compute the results [START_REF] Tunstall-Pedoe | True knowledge: Open-domain question answering using structured knowledge and inference[END_REF]. An ontology of more than 20.000 classes underlies the knowledge base, which contains typed entites and typed properties. The format used is triple-based and proprietary. The knowledge base was built by importing knowledge from Freebase, Wikipedia (infoboxes and categories), users' collaborations, various databases, and knowledge natural language extraction from raw text. In 2010 it reached 240 million triples about 8 million entities.

Natural language search and question answering functionalities are sometimes coupled with speech recognition to build personal assistant functionalities. Apple's Siri 72 was presented to public in October 2011 and is the most popular voicebased personal assistant. Siri interacts with many information and knowledge sources, including WolframAlpha. In January 2012, True Knowledge launched Evi a voice-based mobile assistant based on its NLP technologies for iOS and Android phones. The general public saw an impressive demonstration of natural languages QA with the participation of IBM Watson computer 73 to the American television game show Jeopardy! 74 . Watson has natural language capabilities and process knowledge bases to compute its answers [START_REF] Ferrucci | Building watson: An overview of the deepqa project[END_REF].

WolframAlpha 75 , launched in 2009 by Wolfram research, is a computational knowledge engine that solves users queries by processing hundreds of external and curated data sources. These data sources include the CIA's World Factbook 76 , the Best Buy catalog 77 , the United States Geological Survey 78 for instance. The engine computes the results thanks to the Mathematica platform (handling algebra, statistics, visualization and more) which is another product from Wolfram research 79 . When a user enters a query Wolfram Alpha computes directly the answer and retrieves it through the most adapted data structure and visualizations.

Another major and recent initiative in the field of semantic search is the Face-
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book Graph Search 80 , introduced by Facebook in March 2013 and currently available in English language. The Facebook social graph is a gigantic graph. More than a social graph it is fundamentally a graph of entities. It is highly multidimensional i.e. composed of a wide variety of objects and properties including people, places, companies and their relations. These entities are typical social objects to which the users subscribe and interact about. The Facebook Graph Search bar helps the user to build queries thanks to auto-completion. The queries are in the form of incomplete graph patterns e.g. "peoples (the variable) who live in Paris and who like Claude Monet, see figure 3.12. The user can then filters the results thanks to facets such as gender, relationship, hometown. An area of semantic search application is the e-commerce 81 . In this case the semantic search technologies are employed to rank the products and perform recommendations. The most visible and promising initiatives in the fields of semantic search comes from the traditional search engine and more particularly from Bing, Google and Yahoo. They launched functionalities based on semantic graphs later than many academic research prototypes because they need to reach a very high quality in terms of information retrieval and user experience. The quality of the results retrieved is a major economic stake for such players. Degrading the users' perceived quality of the service through important technological shift is risky in the competitive market of search. Thus the fact they base more and more services on semantic technologies prove a relative maturity of the research in this field.

Signals of the major search companies interest for semantic search appeared since 2007. In 2007 Marissa Mayer, who was the Google's vice president of search products and user experience at the time, declared during an interview: right now Google is really good with keywords, and that's a limitation we think the search engine should be able to overcome with time. People should be able to ask questions, and we should understand their meaning, or they should be able to talk about things at a conceptual level. We see a lot of concept-based questions not about what words will appear on the page but more like "what is this about ?" A lot of people will turn to things like the semantic Web as a possible answer to that" 82 . In 2010 Google acquired Metaweb 83 , a company founded in 2005 which is developing Freebase: a collaborative semantic database. At the time of writing Freebase contains more than 43 million topics and more than 2.4 billion facts. In 2012 Google was one of the initial funders of the Wikidata 84 project together with the Allen institute for artificial intelligence 85 and the Gordon and Betty Moore 86 foundation. They were later joined by the main Russian search engine Yandex 87 . Wikidata is a collaborative knowledge base built in the spirit of the Wikimedia projects i.e. open source, free license, communitydriven, multilingual [START_REF] Vrandecic | Wikidata: a free collaborative knowledge base[END_REF]. The objective is to identify, merge the structured data already present in Wikipedia as well as to clean and complete it through a community effort. Wikidata follows the linked data standard for data publication and is consequently part of the linked data cloud. It is a successful initiative that resulted in more than 30 million statements (triples) and more than 108 million edits as of February 2014.

In 2008 Microsoft acquired several data search technologies including natural language entity extraction when it bought the FAST Search and Transfer company 88 . Bing also contracted a partnership with the Britannica encyclopedia 89 . They used their data to provide rich snippets for the search results. It could also be a way to bootstrap the creation of their knowledge graph, like Google did with Freebase. As mentioned previously in this chapter Microsoft also acquired Powerset in 2008.

In 2009 researchers from Yahoo published a paper entitled "a web of concepts" [START_REF] Dalvi | A web of concepts[END_REF]. In this paper the authors envisions search powered by semantic graphs "for enabling many powerful applications, including novel search and information discovery paradigms". More particularly they detail their views about: 82 • The usages: including optimization (understanding users' queries and content), augmenting web search or direct concept search, advertizing applications.

• The semantic graph-building techniques through web-scale extraction process, relational classification, aggregation mining.

• The challenges: including data noise, concepts matching, graph organization, maintenance, obsolescence, dynamicity.

In this paper the authors affirm: "our goals are closely related to the semantic web, and we see the two approaches as synergistic. Our emphasis is on taking what exists on the web today and interpreting it and enabling richer applications (in particular, search), whereas the semantic web approach is to empower authors to publish content in a more interpretable form.". Two years later Yahoo researchers gave a talk at the ISWC2011 conference industry track 90 entitled Building a Web of Objects at Yahoo!. It presented the Yahoo Knowledge Graph building progresses. Observing the slides 91 used during this presentation we notably learn that:

• The data is ingested from web extraction, feeds, editorial content.

• The data integration is done using Hadoop clusters (schema matching, object reconciliation, blending).

• The data are enriched thanks to social and behavior insights.

• Data quality assessment techniques are employed.

• The ontology has been developed over 1.5 years (at the time) by Yahoo's editorial team, it included 250 classes and 800 properties aligned with schema.org.

After this publication the company continued to sporadically communicate about this shift toward a web of objects 92 .

The launch of the major search engines semantic search solutions happened during 2012 and 2013. In august 2012, Google publicly unveiled its Knowledge Graph 93 . It is a semantic graph that contained 500 millions objects and 3.5 billion facts (triples) when it was released. At the end of 2012 the Knowledge Graph was updated and available in Spanish, French, German, Portuguese, Japanese, Russian and Italian. The graph grew to 570 million entities and 18 billion facts in seven months. It is based, among others, on data sources like Wikipedia, Freebase and the CIA World Factbook. Shashi Thakur, the technical leader of the Google Knowledge Graph, affirmed 94 that the engineers' team didn't want to reuse the collaboratively edited schema of Freebase. Instead they analyzed the Google query stream in order to infer the main properties of interest associated to a resource e.g. casting for a film, height for a building.

The Google Knowledge Graph is a proprietary knowledge base and does not provide a public access. Consequently the list of objects that composes it is unknown. The first feature based on this technology is an augmentation of the search results by structured data. When the users enter a query an entity recognition is performed and structured information about the recognized entity are provided in a knowledge panel. For instance for the query "Claude Monet", the search engine displays in a structured format his birthday, birth place, parents names and more, see figure 3.13. The interface also shows his main artworks and a recommendation of others artists presented in the form of a carousel. With the knowledge panel the search engine performs now a combination of documents and data retrieval. A metric confirming the efficiency of the Knowledge panel is that since its introduction the traffic of Wikipedia decreased in all the languages covered by the Google Knowledge Graph 95 . This raises many questions as the Knowledge graph pulls a part of its knowledge from Wikipedia. The knowledge panel continues to evolve, it has been integrated to the mobile search interface and offers comparisons and filters functionalities 96 . Now it also includes statistics for some queries e.g."India population". It is also used to improve individual search results by providing information about the site the result comes from.

Among the major search engines Google was a pioneer in the deployment of search functionalities powered by such knowledge graph. It was also the first to largely communicate about it, presenting this technological asset as a major improvement and an important step toward the search of the future. The company insisted in the higher capacity of their search solution to "understand" the query and the results. The Google's main competitors reacted quickly.

Bing introduced its knowledge Graph, called Bing Satori (understanding in Japanese), and related functionalities in March 2013. They started to communicate about it in a blog-post entitled "Understand your world with Bing" 97 . The first functionality based on Bing Satori is called Snapshot and displays structured data about entities that are identified in the users' queries. It is close to the Google Knowledge Panel but integrates more social information (coming from LinkedIn, Twitter, Facebook). Another important difference with the Google approach is that Bing, often referred to Bing as a "do engine" by Microsoft. It put emphasis on the actions associated to entities. For instance the action reserve, look at the menu, see the reviews is often associated to restaurants. Bing processed the queries stream during several months for mining such associations, according to the director of Microsoft search Stefan Weitz 98 . Bing tries to propose the maximum of relevant Figure 3.13: Google results for the query "Claude Monet", structured information are displayed on the left, in the Knowledge panel actions associated to the search results. This approach is in line with the extension of schema.org to actions. The process of pairing actions to entity-bearing queries was described in [START_REF] Lin | Active objects: Actions for entity-centric search[END_REF]. Derrick Connell, the Microsoft's Bing experiences group leader, recently confirmed this action-oriented exploitation of Bing 99 . He affirmed that the integration with partners such as Yelp, OpenTable or TripAdvisor has to continue and that in the future the users might perform the actions (e.g. make a reservation in a restaurant) directly on the Bing results page. The company has also plans to partially open its graph to more third-party services, with the consequence of augmenting the number of actions available through Bing. The company has also developed natural language queries answering functionalities thanks to Bing Satori. The Satori knowledge graph is continuously updated e.g. doctors, lawyers, dentists and real estate properties 100 , famous people 101 as well as food and drugs 102 . Contrary to the Google Knowledge Graph, Bing is only available in English at the time of writing.

After publishing papers about their vision in 2009 and giving information about the technical realization in 2011 Yahoo published a paper after the deploy-ment of their Knowledge Graph at the ISWC2013 in-use track 103 : "Entity Recommendations in Web Search" [START_REF] Blanco | Entity recommendations in web search[END_REF]. It is especially interesting as Yahoo, contrary to Bing and Google, is the only major search engine that has published such research papers.

This paper first offers an overview of the Yahoo Knowledge Graph and gives explanation on its elaboration. The core of the publication is focused on SPARK, a recommendation engine powering the Yahoo equivalent of the Google Knowledge Panel and Bing Snapshot. It also describes the evaluation performed to optimize and validate the new versions of this system. Some parts of the paper are voluntary vague and some values are undisclosed due to the confidential nature of the technology. The Yahoo Knowledge Graph is built from public data sources as well as data obtained from paid providers. More precisely the data sources include Freebase or Wikipedia (extracted using the DBpedia framework and proprietary tools), structured feeds and domain-specific sources. They are constantly monitored to update the graph in order to guaranty its freshness. The knowledge acquisition process is distributed and run on Hadoop. The paper confirms that the ontology is constituted of 250 classes and 800 properties and that was designed by the Yahoo editorial team. To improve its quality Yahoo use editorial curation as well as knowledge reconciliation techniques ("record linkage, co-reference resolution, link discovery"). Till today the Yahoo Knowledge Graph is voluntarily focused on the news, movies, television, music, sport and geography (points of interest) domains that are of interest regarding the search activity of Yahoo. The composition of the graph is shown on Figure 3.14. It is currently composed of approximately 3.5 million of entities and 1.4 billion of relations. The search-engine knowledge graphs can be considered as private and closed linked data datasets. Unfortunately they do not provide any public access (e.g. APIs or dumps) to the public. They are not part of the linked data cloud or semantic web. One reason is that some of the data used to build these graphs are probably proprietary and can not be publicly unveiled due to commercial agreements. But the main reason is of course that these knowledge graphs are major competitive assets. An attempt to replicate the Knowledge Graph thanks to crowd-sourcing
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techniques existed [START_REF] Steiner | Seki@ home, or crowdsourcing an open knowledge graph[END_REF] but the company managed to stop it quickly 104 . At the beginning of 2013 Larry Page affirmed that Google was still at "1% of where (they) want to be with the Knowledge Graph", confirming that is a key technology for the company. Moreover such semantic graph and related processing are critical for the search service but can also serve other services owned by these companies. Google uses Freebase to automatically annotates the videos by processing text metadata as well as video context (outside or inside the platform e.g. comments) analysis (title, description, tags), audio and video processing. In order to augment the quality of the annotations they use undisclosed techniques of weighting, co-occurence identification and human evaluations feedback 105 . Platforms like Youtube have critical content organization concerns that can be addressed by semantic technologies. In the same spirit Bing's shopping and travel sites make use of Satori's entities. The functioning of these recommenders is partially presented in chapter 4, to the extent of the available information.

Conclusion

In this chapter we showed that the publication of structured data on the web is an important and impactful trend. The major web players, the search engines and social networks in particular, integrate more and more structured data in their application. Their visibility within popular applications constitutes a motivation for web developers and a factor of traction. A lot of semantic data are embedded in web pages thanks to microformat, microdata and RDFa vocabulary. Meanwhile the linked open data cloud is growing and its central dataset, DBpedia, is already used in several end-users applications. The LOD cloud can be considered as the first deployment wave and the main achievement of the semantic web today. The incorporation of these structured data in search is called semantic search. The research on such systems exists since the 1980s; the semantic web vision catalyzed it. Today a lot of semantic search systems exists, they vary a lot in their objectives, their interfaces, the data they use and how they process it. The major web players start to deploy semantic search functionalities that have an important and visible impact on their applications. The users are increasingly familiar with the use of structured data in search, which is just at its beginning. The incorporation of structured data in search offers unprecedented possibilities to solve complex information needs. It is notably promising in the context of exploratory search where such semantics can improve both the information retrieval and the human computer interaction aspects of the systems. In the following chapter we propose a state-of-the-art review of the exploration and discovery approaches based on semantic data. 

Introduction

The chapter 2 stressed the need to build and popularize efficient exploratory search systems. Alternatives are needed to complete the actual popular search solutions that are optimized for lookup tasks. The chapter 3 underlined the new possibilities brought by semantics incorporation in search systems. It notably allows to design novel search experiences in order to solve complex information needs. Supporting exploratory search tasks with the help of structured data is promising and The linked open data cloud is the largest source of public and structured data today. Several appealing applications demonstrated that some LOD datasets are mature enough to serve as background knowledge for end-users purposes. An additional motivation for the research community is that linked data-powered applications lower the technical barriers to interact with the LOD and demonstrate its utility. The web of data has not been initially created to be navigated by humans and it needs to be exposed and interacted with in an intuitive manner. Thus, successful semantic search functionalities and applications constitute a factor of traction for both the data publication and the applications' development. They are a necessary interface between the casual users and the linked data cloud. However, even the experts need tools to obtain good mental representations of increasingly large and heterogeneous linked datasets today.

Supporting exploration and discovery thanks to linked data is both inspiring and challenging. Both the information retrieval and human computer interaction aspects have to be researched. Nowadays the relative immaturity of the field leads to a profusion of heterogeneous approaches, systems and evaluations. All these contributions address the challenge of hiding the semantic data complexity to the users. Presenting the data in a meaningful and appealing way is crucial. It requires a difficult selection and prioritization process in the context of highly connected and heterogeneous linked data graphs. A central question when displaying the web of data is to determine what has to be shown to the users. In other words the system developers have to determine what combination(s) of triples constitute(s) the result unit satisfying the users' information need. Allowing complex interactions with the data without being aware of the underlying query mechanism, data model and structure is another major concern. Generally the tension between the data display, the interactions expressiveness and the interface intuitiveness is high and drives the design choices. Such choices result in systems that implicitly target different types of users, having different levels of expertise.

In this chapter we will review the linked data based exploration and discovery approaches, within broad areas of classification. More particularly we review (4a) the linked data browsers and their variants, (4b) the semantic-similarity and relatedness based approaches including in particular the recommenders, (4c) the linked data based exploratory search systems. The systems are ordered chronologically in each subsection. A short version of the state-of-the-art review and the corresponding analysis were published in [START_REF] Marie | Survey of linked data based exploration systems[END_REF].

Linked data browsers

One of the first generation of tools designed to explore linked data was semantic browsers. Before their existence it was necessary to read the serialized RDF files to discover and understand the data. The first semantic browsers were strongly inspired by the web pages browsing and allowed the users to navigate into the linked data space in a one-resource-at-a-time mode, often by following the currently displayed resource outgoing property. Numerous systems were conceived and employed diverse approaches for lowering the visualization and interactions complexity. The display of the graph as it is has only a minor interest for end-user applications and further semantic-based processing is needed to obtain a comprehensible and appealing navigation [START_REF] Karger | The pathetic fallacy of rdf[END_REF]. In this state-of-the-art survey we review the semantic web browsers according to a broad classification. Our first category is the text-based browsers. Our second category is the visualization-based browsers that use and potentially combine visual presentation(s) such as graphs, images, maps and timelines. Our third category is composed of faceted browsers. Faceted browsing is a successful interaction model that is particularly efficient for semantic data exploration. This interaction mode enables sorting and filtering the results thanks to their semantics. The fourth category named other browsing paradigms reviews innovative and singular browsing approaches enabled by linked data.

Text-based browsers

Text-based browsers use textual structures such as tables and lists to present the data. In such systems when a resource is browsed the system often displays its outgoing properties and associated objects/values. They are often the simplest and the earliest systems and do not provide major semantic-based support for easing the data understanding and interactions Noadster 1 [162] is an early (2005) and generic RDF browser that performs a property-based clustering on the data. The most prevalent properties are declared as "stop properties" and are not considered during the clustering process. The property-based clusters are used to structure the results: frequent properties appear higher in the results-tree.

Disco2 (2007) is a simple server-side browser that renders the RDF data in columns of property-value pairs associated to the currently browsed resource (object) in a table. It lists the data provenance at the end of the page and allows the navigation from one URI to another on distributed data sources by dereferencing. 2007) is a server-side browser, also available in the form of a local application, that formats the RDF triples using Fresnel (a simple, browser-independent vocabulary for specifying how RDF graphs are presented4 ). Marbles takes advantage of the distributed aspect of the LOD cloud. It retrieves additional data about the browsed resource from Sindice5 (semantic index), Falcons6 (semantic search engine) and Revyu7 (semantic reviews site). It also dereferences the owl:sameAs and rdfs:seeAlso properties to retrieve extra knowledge. Colored bubbles (the "marbles") help the users identify the sources of the data retrieved. Marbles also provides a SPARQL endpoint for querying. 2008) is a semantic browser that renders the data in propertyvalue pairs. It supports dereferenciation and embeds images and web pages in its presentation. URIburner allows to export the data in several format including CSV, the RDF syntaxes, JSON and microdata. Additionally it offers alternative views on linked data like graph ones as well as manual query and query-by-example mechanisms. URIburner provides a keyword-search functionality, within a results set or as a starting point for retrieving and browsing linked data.

Sigma 9 (2010) standing for Semantic Information MAshup [181] retrieves triples from a large number of distributed data sources starting from the string or URI entered by the users. Each Sigma results page is a consolidated entity description obtained thanks to large-scale indexation, advanced reasoning and aggregation strategies at data and ontology levels. The users can interact with the results: confirm or dis-confirm their relevance, filter and reorder them. Sigma proposes the results exportation in RDF, JSON and Really Simple Syndication (RSS)10 formats. 

Visualization based browsers

When browsing linked data, visualization features can significantly lower the users' cognitive load. They help them overcoming the data complexity by relying on their natural perceptual ability. Recently several personalized visualization approaches based on templates appeared. Such templates aim to let the users design the visualizations that are the most adapted to their information needs.

IsaViz 11 (2001) is "a visual environment for browsing and authoring RDF models represented as graphs". It is an early initiative of the W3C to ease and promote the use of RDF. It proposes a 2.5D interface and helps the users in the creation and the edition of RDF graphs. IsaViz also offers import and export functionalities in common RDF syntaxes. Zooming, search and filters are available and ease the visualization and interaction with data.

RDF Gravity 12 (2004) is an RDF and OWL visualization tool [START_REF] Goyal | Rdf gravity (rdf graph visualization tool[END_REF]. It proposes filtering, search and allows the users to reposition the nodes. Zoom and panorama functionalities are also available. The resources are displayed in different colors according to their types for a more comprehensive display. RDF Gravity also supports two structured query languages: SPARQL and the non-standard RDQL 13 . 2005) is an RDF browser that displays the data hierarchically through a tree-view [START_REF] Berners-Lee | Tabulator: Exploring and analyzing linked data on the semantic web[END_REF]. By clicking the hierarchical trees the users browse 13 http://www.w3.org/Submission/RDQL 14 http://dig.csail.mit.edu/2005/ajar/ajaw/tab 63 Chapter 4. Linked data-based exploration and discovery through increasing levels of details. The starting point is an entered URI or a SPARQL query. The SPARQL queries are stored in order be re-executed when needed. In the last version the users can edit the data through the interface. Geotagged resources can be shown on a map and time-stamped resources can be displayed on a calendar or a timeline. One particularity of Tabulator is that the RDF data are stored in a client-side triple store. This approach led to important scability problems. The solution of query-able server-side triple stores is now the most common. • the what view showing a list of data provenance sources.

• the where view where geo-located resources are shown on a map.

• the when view displaying resources having temporal attributes on a timeline.

• the who view displaying only the resources representing persons using the FOAF vocabulary.

• the tag view proposing links to the del.icio.us 19 tags related to the currently browsed data.

• the SVG graph view displaying the data in the form of a graph.

• the navigator view grouping the resources by their types.

• the custom view allowing the users to select Fresnel-based visualization template.

LENA 20 (2008) offers a mechanism to build Fresnel-based visualization templates using SPARQL queries [START_REF] Koch | Lena-browsing rdf data more complex than foaf[END_REF]. The lenses-template authoring is expressive and supports complex criteria. The objective is to propose different views corresponding to different users' interests and expertise.

LESS (2010) proposes a proprietary template language and editor [7]. It allows the users to create views on linked data thanks to the LESS Template Language (LeTL). The input data rendered by the template can be specified by entering URI(s) and/or executing SPARQL query(ies). The result can be output in HTML, RDF or Javascript and JSON. Such export can then be imported in another system (blog, wiki, application, etc.). The templates are shared in a collaborative repository to favor their reuses among the users' community.

In Dadzie and al. ([41], 2011) the authors stress that a single linked data browsing/display solution will never meet the requirements of all the users. Indeed, linked data are heterogeneous and used in a wide range of domains. To solve this problem the authors propose a template-based approach to display the data. The templates are associated to RDF classes (e.g. foaf:Person). Overview as well as a detailed view are proposed and the users have the possibility to interact with the visualizations. 

Faceted browsers

Facets were defined as "the categories, properties, attributes, characteristics, relations, functions or concepts that are central to the set of documents or entities being organized and which are of particular interest to the user group" in [START_REF] Barre | Facet analysis[END_REF]. The faceted classification was originally invented by the librarian Shiyali Ramamrita Ranganathan in 1959 [START_REF] Ranganathan | Elements of library classification[END_REF]. He proposed to describe the books thanks to 5 facets to physically order them in the libraries: personality, matter, energy, space, time. Later faceted browsing, filtering and search became powerful interaction paradigms in computer science. A faceted search system "presents users with key-value metadata that is used for query refinement" [START_REF] Koren | Personalized interactive faceted search[END_REF]. When a facet value is selected the system constrains the results to the items that are compliant to this value. Each time a constraint is applied the available facets and facet values are updated, see Figure 4.11. Multiple constraints can be applied at the same time. Facets ease the result browsing by iterative drill-down (refinement) or roll-up (generalization) operations. It is particularly powerful during exploratory search as it gives "the users the ability to find items based on more than one dimension, to see breakdowns and projections of the items along different axis, which helps users gather insights about the data they are exploring" [2]. Generally it avoids dead-end alley by proposing only facets combinations that produce at least one result. Faceted browsing is also powerful to suggest unexpected and unknown browsing perspectives. At the same time a drawback is that it imposes an information structure that may limit free forms of exploration. [START_REF] Kwasnik | A descriptive study of the functional components of browsing[END_REF] and [START_REF] Soergel | The rise of ontologies or the reinvention of classification[END_REF] showed that relevant and meaningful information categorization has a positive effect on reflection, discovery, information finding as well as learning. In [START_REF] Kules | What do exploratory searchers look at in a faceted search interface[END_REF] the authors measured that, when available, the observation and manipulation of facets have a major role in the browsing process, accounting for approximately half of the time.

Facets help to overcome the users common trial-and-error querying tactic by introducing progressive refinement mechanisms. They have an active role by refining the queries and easing browsing. They also have a passive role by helping the users without a-priori knowledge to understand the results space through the exposition of important results characteristics. Facets are appreciated when the ranking fails to immediately retrieve interesting results. This problem may occur in an exploratory search context where some queries are vague, broad and general [START_REF] Käki | Findex: search result categories help users when document ranking fails[END_REF]. They help the users find deeper (less well ranked) results [START_REF] Käki | Findex: search result categories help users when document ranking fails[END_REF] [START_REF] Kules | Supporting exploratory web search with meaningful and stable categorized overviews[END_REF]. Facets can also be a major source of inspiration for users that explore an unknown domain. According to [START_REF] Mccuinness | Ontologies come of age. Spinning the semantic web: bringing the World Wide Web to its full potential[END_REF] they introduce several functions in an interface that significantly help during an exploratory search task:

• "Vocabulary control

• Site navigation and support

• Overview provision and expectation setting

• Browsing support • Searching support • Disambiguation support"
To go further previous research works showed that facets are efficient for supporting exploratory search. [START_REF] Pratt | A knowledge-based approach to organizing retrieved documents[END_REF] compared the results of users executing the same search tasks with 3 systems: one with the results being ranked, another with the results being clustered and the last one with a faceted interface. The users found more results using the faceted system for exploratory search tasks (respectively an average of 5.60 vs. 4.53. vs. 7.80). There was no significant difference for a structured search task. In [START_REF] Yee | Faceted metadata for image search and browsing[END_REF], the authors compared a baseline interface with a faceted one for images search. They noticed that the users faced empty results three times more with the baseline interface. The users evaluated the faceted interface "easier to use, more flexible, interesting, enjoyable, simple, and easy to browse" but "a bit more confusing". The quasi-totality of the participants judged the interface more efficient than the baseline for the leaning tasks. In [START_REF] Uddin | Performance and usability testing of multidimensional taxonomy in web site search and navigation[END_REF] the authors compared the feedback from 19 users about 2 interfaces (a baseline versus a faceted one) after the execution of 1 lookup and 2 exploratory search tasks. According to the users, the understanding and the perceived relevance of the results were more satisfying with the help of the facets. The most appreciated functionalities were the capability to switch from one facet to another, the previews of the results, the possibility of activating several facets at a time and the breadcrumb function. [START_REF] Zhang | Evaluation and evolution of a browse and search interface: Relation browser++[END_REF] compared three search tasks (one look-up and two exploratory ones) on two interfaces including a faceted one. The users were more satisfied with the faceted interface when executing the exploratory search tasks even if it was a bit less intuitive. A minority of participants also affirmed to be confused by the constant changing of facets along the navigation. [START_REF] Fagan | Usability studies of faceted browsing: A literature review[END_REF] summarized the benefits of faceted interfaces found in empirical studies. Some of them, listed below, confirm their usefulness for exploratory search:

• Facets are useful for creating navigation structures.

• Success in finding relevant results is higher with a faceted system.

• Users find more results with a faceted system.

• Users prefer search results organized into predictable, multidimensional hierarchies.

4.2. Linked data browsers

• Participants' satisfaction is higher with a faceted system.

• Users are more confident with a faceted system.

It is difficult to compute and structure the facets from raw, unclassified and not curated information collections such as heterogeneous web pages [START_REF] Stoica | Nearly-automated metadata hierarchy creation[END_REF]. On the contrary, structured documents and entities collections are privileged contexts to implement faceted search. The use of facets is especially popular on e-commerce web applications such as Amazon 21 , see figure 4.12. These companies have a strong interest in guiding the users as quickly as possible to the products of interest in order to increase the sales. It is particularly adapted for such companies as they maintain a structured products database having well-defined characteristics. As these websites are very popular a large amount of web users are already familiar with faceted browsing to a certain extent. It constitutes a powerful alternative to visualization-based approaches that can be difficult to apprehend for many users.

The semantic web data model where resources are related to others resources through well-defined properties is interesting to set up a faceted interface. Roughly the results correspond to the triples' subjects, the facets to the properties and the facets values to the objects and literals. Setting faceted search and browsing systems on top of linked data has been an active topic of research. It can considerably ease the interactions with the high-dimensional graphs like the semantic web ones. By activating several facets at a time the users can implicitly build complex SPARQL queries through an intuitive interface in few iterations. The ontological structure inherent to semantic web data notably helps building facets hierarchies. Nevertheless the linked data complexity also brings several specific challenges regarding faceted search including the relevant facet identification, their ranking, their interdependence management, etc. Faceted search systems built on top of semantic data sources are presented hereafter: Figure 4.12: Facets proposed by Amazon for the query "Claude Monet" Piggybank 22 (2005) is a browser extension that aims to both publish and explore RDF data [START_REF] Huynh | Piggy bank: Experience the semantic web inside your web browser[END_REF]. It was released at a time when semantic data were rare and sparse. The PiggyBank users can write screens-crapers template that convert the content of browsed web pages into semantic data. They also have the possibility to tag these generated data and to upload them in a shared triple store. Piggybank offers browsing capabilities and notably proposes several views on the data (list, calendar, graph, map, timeline) as well as facets filtering.

Longwell 23 (2005) is a web application for browsing and searching large RDF datasets that offers a faceted filtering mechanism. The facets and their values are heuristically derived from the dataset. These heuristics are pre-configured by the user using the "facet configuration vocabulary". Thanks to the configuration files the users are able to specify which facets are available for a dataset and in which order. Longwell also proposes a free-text filtering functionality that constrains the results to the ones containing the searched string in their properties' values.

MuseumFinland 24 (2005) is a faceted semantic browser that was implemented on the top of a Finnish art-collections RDF knowledge base [START_REF] Hyvönen | Museumfinlandâfinnish museums on the semantic web[END_REF]. The latter was obtained by converting, aggregating and aligning 3 museums relational databases and using 7 ontologies e.g. artifacts, collections, materials ones. The knowledge base creation was semi-automatic as some curators added, edited and removed data. MuseumFinland allows the public and the art professional to browse and discover links in a unified way. The users rely on the hierarchically organized facets to filter the results. Preview counts help the users in the manipulation of the facets. The application also offers keyword search. The facets of the items are also shown on the individual result page, offering a traversal navigation capability. [START_REF] Hildebrand | /facet: A browser for heterogeneous semantic web repositories[END_REF]. Its specificity is to automatically enable faceted browsing over large and heterogeneous linked datasets where manual configurations are too fastidious or unfeasible. The authors implemented /facet over a dataset aggregated from several museums databases with only minor alignments. The facets and their dependencies are generated with the help of ontological knowledge, especially the RDFS classes and their associated properties. Through the interface the users start to select the resource type (e.g.
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Work) and filter the list with other facets corresponding to its related properties (e.g. authors, place of creation, artistic movement). The facets are presented in a hierarchy formed by the subsumption links. A full-text search is proposed for each facet in order to find quickly the desirable facet values. Specific views are available for some facets e.g. time-line. This automated process to set up faceted browsing has the advantage to be applicable on every linked database and easily takes account of knowledge base updates. Nevertheless relying extensively on the data model sometimes lacks of filtering and generates uninformative or hardly understandable facets for the users. Data inconsistencies, often present in composite datasets, are also exposed. [START_REF] Oren | Extending faceted navigation for rdf data[END_REF]. Some of them are complex and unusual. All the operators are formally described. The authors also propose an automated facet ranking algorithm. The authors have the objective to overtake two common limits of the faceted interfaces: first the lack of expressiveness in the facets operators, often limited to simple selection and their combinations, second the need of a manual intervention for the facets identification and ranking. In addition to the classic facets selection operator the authors formally define an "existential" selection (filtering the results according to the existence of related property/ies) and a "join" selection (two or more selections evaluated in conjunction). The inverse and intersection of these operators are also formally defined. The automated facets ranking technique has been developed to avoid manual intervention and is especially useful for large and heterogeneous datasets. The technique is based on three metrics that are agnostic
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to the data:

• Predicate balance: "Faceted browsing can be considered as simultaneously constructing and traversing a decision tree whose branches represent predicates and whose nodes represent restriction values. Tree navigation is most efficient when the tree is well balanced because each branching decision optimizes the decision power. We therefore use the balance of a predicate to indicate its navigation efficiency" [START_REF] Oren | Extending faceted navigation for rdf data[END_REF].

• Predicate frequency: "A suitable predicate occurs frequently inside the collection: the more distinct resources covered by the predicate, the more useful it is in dividing the information space" [START_REF] Oren | Extending faceted navigation for rdf data[END_REF].

• Object cardinality:A suitable predicate has a limited (but higher than one) amount of object values to choose from [START_REF] Oren | Extending faceted navigation for rdf data[END_REF].

The prototype was experimented and received good feedback. It did not implement the inverse facets operators. However the authors affirm that their facets ranking approach did not corresponded to users' expectancies and requires further research.

Exhibit (2007) is a lightweight framework for publishing structured data and setting an interactive interface without technical skills [START_REF] Huynh | Exhibit: lightweight structured data publishing[END_REF]. It offers an interface framework that provides views and faceted browsing on the published data. The views notably include thumbnails, maps and time-lines. They are configured by the data publisher e.g. display birth places or death places on a map. The facets allow the users to filter the data displayed in the views. Preview counts provide an extra-help during the use of facets. The Exhibit configuration files have a proprietary format and are written in JSON. The authors offer a web service to convert RDF data (and other formats) in the required format. The facets are manually declared by the data publisher.

Humboldt (2008) is a faceted browser that was designed to support exploratory search tasks over a local RDF graph [START_REF] Kobilarov | Humboldt: Exploring linked data[END_REF]. Contrary to the majority of semantic web faceted browsers Humboldt shows facets that correspond to classes instead of property-based ones. For example in the cinema domain the facet Person appears instead of directed, stars in, has produced, has written, has edited, and was awarded for. Proposing class-based facets simplifies the interface by decreasing their amount. The users can therefore ask for more precision if needed. Humboldt also supports browsing through pivoting operations e.g. switching the focus from the Film facet to the Person facet. The results list will change to persons and the available facets will be recomputed. Thus the users can explore the whole dataset through pivoting operations. Humboldt supports implicit query-building as the selected facets remains activated along the successive pivotings. A history displays the interactions sequence and allows to modify the previous steps. The authors performed an evaluation with a cinema-related DBpedia subset. During a qualitative evaluation the participants expressed globally positive feedback about the prototype. 2008) is a semantic browser that proposes four atomic interactions [START_REF] Harth | Visinav: A system for visual search and navigation on web data[END_REF]. By combining these four operations the authors are able to express complex queries without any technical knowledge:

• Keyword search: all the search sessions starts with a classic keyword search that identifies the set of objects that will be explored and refined with the others operations. The search is performed by matching the users query with the RDF literals.

• Object-focus: when the users click on a result it displays a detailed view showing its associated properties-values pairs.

• Path traversal: the users can express joint queries thanks to successive drags and drops e.g. objects created by people who know Jim Hendler.

• Facet specification: a classic faceted filtering mechanism is available.

All these interactions are formally described and are agnostic to the data. According to the authors faceted systems are often set on the top of manually crafted and limited datasets having a defined and controlled ontological schema. Thus the majority of proposed approaches do not scale in the semantic web context where there is a high variety of data and schemas that makes manual operations unfeasible. To demonstrate their approach the authors developed the Visinav prototype which operates on top of 18.5 million RDF triples aggregated from 70.000 sources. Various views (list, table, timelines and maps) and export functionalities are available. 26 (2010) is a simple faceted browser built on top of DBpedia [START_REF] Hahn | Faceted wikipedia search[END_REF]. The facets and their values are ranked according to their prevalence in DBpedia. The interface allows the users to explore and find answers to structured information needs that can be time-consuming using the traditional Wikipedia interface. 

Faceted Wikipedia Search

Other browsing paradigms

The browsers presented in this section propose innovative and singular interaction paradigms implemented on top of linked data sources.

Parallax (2009) aims to overtake the classic one-resource-at-a-time interaction paradigm [START_REF] Huynh | Parallax and companion: Set-based browsing for the data web[END_REF]. Indeed, the majority of web browsers allow the users to navigate one page at a time through the hyperlinks: the web page constitute the information unit with which the users interact. Several previously described text-based semantic browsers offers a similar interaction mechanism by presenting only the properties/values pairs associated to the currently browsed resource. The authors of Parallax introduce the "set-based browsing" paradigm that allows the users to browse several links at a same time i.e. from a set of entities to another set of entities. This concept is demonstrated thanks to a web application built on top of the Freebase knowledge base 27 . For example the users have the possibility to navigate from the set of American presidents to the set of all their children, or spouse, or political parties thanks to the corresponding semantic relations using a "browse all" functionality. Thus, the navigation does not occur through a single link but though a set of semantically similar links. Along the exploration the users can apply various constraints on the currently displayed data thanks to a faceted filtering mechanism. Visual views are also offered (e.g. maps, timelines and plots) to display and analyze the sets of results obtained from the successive interactions. A browsing history helps the users edit each interaction step e.g. modifying the previously activated facets. As the successive sets are dependent, a modification at a step leads to a re-computation of the subsequent ones. RelFinder 28 (2009) is a web application that displays the paths existing be-
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tween two entered resources in a graph form [START_REF] Heim | Relfinder: Revealing relationships in rdf knowledge bases[END_REF]. The online implementation works on several datasets including DBpedia and the Linked Movie DataBase. The path identification remains at the instances level and does not traverse the rdf:type properties. Indeed, in datasets like DBpedia a huge amount of instances can share the same type (e.g. Person). Taking into account these relations can retrieve a multitude of paths that only have minor interest. RelFinder helps the users understand the relations between the resources of interest. This task can be very cognitive and time consuming when done manually. The users can influence the graph displayed by specifying a maximum path length and activating filters.

The RelFinder application identifies iteratively the paths between the entered resources of interest by length order. The authors notably mention that they allow the connections chain to change sense only once due to performance reason and because multiple changes are difficult to interpret by the users. The method uses a sequence of SPARQL queries and is agnostic to the knowledge base. gFacet (2010) is a prototype combining graph-based visualization and faceted filtering techniques [START_REF] Heim | Facet graphs: Complex semantic querying made easy[END_REF]. The facets are represented in the form of nodes in a graph, the arcs represent their dependencies (e.g. birthPlace links the facets Person and Place). One facet is passive and constitutes the results set. When the users select a filtering value in a facet it re-computes the values in the other facets and in the results set. The ability to use distant facets (facets that are indirectly related to the results set) is referred to as hierarchical faceting when such facets are often organized hierarchically [START_REF] Heim | Facet graphs: Complex semantic querying made easy[END_REF]. As the effects of the interactions caused by the facets dependencies can be complex, the users can track them through colored indications. New facets can be added and they are removable. Their values can be sorted and accessed through paging and scrolling functionalities. gFacet also supports pivoting: it is possible at any moment to select a facet that becomes the new results set. The expressiveness of the gFacet interaction paradigm allows its users to build complex queries through a succession of simple interactions that does not require any technical knowledge.

Visor (2011) is a semantic browser that implements a "multi-pivoting browsing" paradigm [START_REF] Popov | Connecting the dots: a multi-pivot approach to data exploration[END_REF]. Contrary to the majority of browsers Visor allows the users to start the exploration from several resources. It supports a multi-directional exploration by following several properties at a time. The prototype is built on top of DBpedia. The users first select one or several classes thanks to a keyword-search functionality. The selected classes are displayed in the form of nodes' graph using a force-based layout. Visor identifies the relations existing between the selected classes (renamed "collections" in the interface) and presents them in the form of arcs between the nodes. One of the key principles behind Visor is that instances data are only shown on demand. The objective is to raise the understanding of the domain explored. Thus the majority of interactions occurs at the schema level and includes adding, removing, dragging collections and asking for details about them and their relations. When the selected collections are not directly linked Visor identifies and displays on the graph the intermediary collections linking them. Finally the users have the possibility to create, query and export instances data spreadsheet from the graph they built. 

Linked data recommenders

Several linked data exploration and discovery approaches are based on similarity or relatedness measures. Their objective is to identify the resources (resultresources) that are the most similar or related to an initial resource or resources' set (seed-resource(s)). Measuring similarities thanks to linked data datasets is a relatively new concern [START_REF] Stankovic | Convergence entre Web Social et Web Sémantique. Application à l'innovation à l'aide du Web[END_REF]. In the linked data context "similarity metrics evaluate the degree of overlap between entities based on a set of pre-defined factors such as taxonomic relationships, specific characteristics of each entity, or statistical information derived from a given knowledge base" [START_REF] Meymandpoura | Similarity metrics for linked data[END_REF]. The measures of relatedness are more structural and aim to select the most informative resources about one or several seed resources. The hypothesis is that these results-resources are strongly connected (related) in a direct or indirect manner to the seed(s). When considering linked data sources the similarity and relatedness measures are overlapping. Indeed, in order to compute the similarity, operators are applied on triples and paths that include the seedresource(s) and result-resource(s). The triples used to compute a similarity also capture a relatedness, see figure 4.22. For example Claude Monet and Édouard Manet have both Impressionism stated as their artistic movement: it is a similarity insight (the two resources share a common property and value) as well as a relatedness one (they are linked through the Impressionism node). The metrics of similarity between words and concepts have been investigated first in the field of psychology and linguistics [START_REF] Tversky | Features of similarity[END_REF]. In the context of the semantic knowledge bases the interest about semantic similarity measure was initially motivated by ontology alignment and merging concerns. In this field, there is a need to identify the equivalences in terms of classes and properties among different schemas. Important contributions focused on this research challenge include [START_REF] Dieng | Comparison of personal ontologies represented through conceptual graphs[END_REF] about comparison of ontologies, [START_REF] Rodríguez | Determining semantic similarity among entity classes from different ontologies. Knowledge and Data Engineering[END_REF] about determining semantic similarity among instances of different ontologies and [START_REF] Euzenat | Similarity-based ontology alignment in owl-lite[END_REF] about similarity-based ontology alignment. The similarity computation between words in lexical databases was also extensively studied for various information retrieval objectives, the reader may refer to [START_REF] Meymandpoura | Similarity metrics for linked data[END_REF] for further references. One of the most used knowledge source in this context is WordNet 30 . Wordnet is a lexical database that was developed by Princeton University linguists. It indexes, classifies and organizes the semantic and lexical content of the English language. Similar initiatives in others languages also exist 31 . As rich relations are declared between the terms (e.g. hypernynmy/hyponymy, meronymy) Wordnet can support graph-based techniques in order to compute similarities between word pairs e.g. taking into consideration length or depth measure(s) for instance.

The works presented in this section propose semantic similarity metrics for linked data instances. DBpedia is the most common linked data source used due to its large coverage. Interestingly several successful approaches based on Wikipedia were proposed before the appearance of DBpedia-based ones. They use both structural and text-based metrics, see [START_REF] Gabrilovich | Computing semantic relatedness using wikipedia-based explicit semantic analysis[END_REF], [START_REF] Witten | An effective, low-cost measure of semantic relatedness obtained from wikipedia links[END_REF], [START_REF] Yeh | Wikiwalk: random walks on wikipedia for semantic relatedness[END_REF] and [START_REF] Gouws | Measuring conceptual similarity by spreading activation over wikipediaâs hyperlink structure[END_REF].

Similarity measures are key components of the recommender systems. Recommendation is a common and widespread feature offered by many applications to reduce the users information overload and increase their satisfaction. It is especially important for e-commerce players in order to encourage new purchases [START_REF] Schafer | E-commerce recommendation applications[END_REF]. The recommendation approaches are generally classified into two broad categories:

• Content-based filtering: that uses items characteristics such as associated tags and structured information in order to compute the recommendations.

• Collaborative filtering: based on the hypothesis that similar users are interested in similar items. The objective of these systems is to find correlations among the users shared likes and dislikes for the recommendations computation. The previous interactions of a user will be used to predict the interest of others users identified as similar regarding their interest.

The majority of the linked data-based approaches presented below falls in the content-based filtering category. One important advantage of these approaches is the capacity to explain the recommendations provided i.e. presenting the users the factors of similarities and relatedness. The explanations constitute a critical aspect for the acceptance of the recommendations by the users [START_REF] Czarkowski | A scrutable adaptive hypertext[END_REF]. Such explanations are not possible with collaborative-filtering approaches, notably for privacy concerns, leading to black-boxes recommenders. Contrary to content-based approaches the collaborative-filtering techniques also suffer from the cold-start problem. Indeed no
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recommendations related to the newly introduced items can be generated till a certain amount of users' interactions occur on them.

Recommenders and exploratory search systems are very different tools but show interesting intersections [131]. They share the common objective of assisting the users in information or resource discovery in a collection, but in very different ways. On one hand the recommenders provide direct suggestions that do not require or require minimal user interactions. On the other hand the exploratory search systems attack the discovery challenge through the angle of users' engagement and high interactivity. Moreover some linked data based exploratory search systems integrate recommendation functionalities, as we will see in the section linked data based exploratory search systems of this chapter. In this part we will first review linked data based recommenders that are focused on a specific type and/or domain. Second we will review more complex recommendation use-cases including cross-domain and lateral recommendations. Third we will review the semantic data recommenders recently released by the 3 major search engines.

Type and domain-specific recommenders

In the case of type-specific recommendations the inputs and results are constrained to a specific type of objects corresponding to a class of the ontology e.g. movies recommendations starting from a movie. These approaches are consequently domain-dependent. The cultural domains like cinema and music, where exist an important culture of recommendation, were particularly addressed.

In [START_REF] Passant | Dbrecâmusic recommendations using dbpedia[END_REF] the author presents a semantic distance measure that is used to compute recommendations: the Linked Data Semantic Distance (LDSD, 2010). It is based on direct and indirect paths counting between a pair of resources. The author also introduces a version with weighted paths. In this variant the dataset prevalent properties are considered more important. Six variants of the algorithm were tested thanks to a users' evaluation (counting only the direct links, only the indirect ones, combining both and using the weight function or not). The variant combining the weighted direct plus indirect links was evaluated as the most effective. The algorithm was applied on the music domain by computing the similarities between all the Bands32 and Musical Artists33 instances contained in DBpedia. The similarity is computed for all the pairs of targeted instances. The author stresses that the LDSD algorithm retrieves some unexpected but relevant results that can hardly be identified by a collaborative filtering technique that favors popular associations. He mentions the case of the Tennessee Three band which was the backing band of Johnny Cash. The algorithm was also implemented on the literature domain, see [START_REF] Passant | Measuring semantic distance on linking data and using it for resources recommendations[END_REF]. The author stresses several advantages of relying on DBpedia to compute recommendations. It includes the possibility to display the results in several languages and to use the links between the resources as explanations. The algorithm results were successfully evaluated against the recommendation from the LastFM musical platform. The LDSD measure was later implemented in a music discovery engine.

MORE 34 (2010) is a DBpedia-based movie recommender accessible through a Facebook application [START_REF] Mirizzi | Movie recommendation with dbpedia[END_REF]. The computation is based on a semantic adaptation of the vector space model [START_REF] Salton | A vector space model for automatic indexing[END_REF] called sVSM for semantic vector space model. The more features two films movies share the more similar they are. They can be linked through direct properties (e.g. "subsequentWork"), be the subject of triples having the same property and object ("starring" "Robert de Niro") or be the objects of two RDF triples having the same property and subject. The proposed framework was implemented on the cinema domain. For the implementation the authors used an extraction of DBpedia targeting the Film instances. Freebase and LinkedMDB 35 triples subsets were integrated in order to provide extra-information about the films' genres. When implementing the MORE framework a human intervention is needed to specify the relevant properties related to the targeted domain. In the authors' case-study 20 properties are used for the similarity computation e.g. starring 36 and director 37 . During their evaluations the authors discovered the positive impact of taking into account the DBpedia categories on the results quality. They also noticed that taking into account of the movies super-categories (using to skos:broader) was decreasing the quality of the results. Indeed when going up in their hierarchy the categories become quickly too general and artificially increase the similarities. The MORE interface allows the declaration of several resources as inputs and retrieves the union of the unitary results. The users can also ask for recommendations explanations by requesting what are the shared properties between the seed(s) and the results. An interesting feature is the possibility to influence the recommendations by tuning the weights of the matrix vectors through the interface e.g. specifying that the movies' topics are more important than their directors. In other words the users can influence the recommendation ranking scheme according to their interest. A location-sensitive mobile version called Cinemappy was developed [START_REF] Ostuni | Mobile movie recommendations with linked data[END_REF]. Cinemappy is an Android application combining the results of the MORE recommender with values representing the users' current context (social, spatial and temporal) in order to recommend movies projected in nearby movies theaters. The context values are computed according to several dimensions:

• Social criteria: if the users is accompanied by other person(s) it uses the nature of their relation (e.g. couple, friends, parents and children) to influence the recommendations.

• Temporal criteria: the fact a movie is scheduled too early for the user according to his current position discards it.

• Spatial criteria: Closer movie theaters are favored. The computation in- [134] presents the DBpediaRanker (2010) which computes similarities between resources. The similarity measure is a combination of several weights including external services (search engine correlations measure with Google, Yahoo, Bing and Delicous), one link analysis measure based on the existence of a link between the considered resources (no links, a link in one direction, two links in both directions) and one textual analysis detecting if the label of the first resource appears in the DBpedia textual short description (the abstract) of the second one and viseversa. The approach was implemented on an information, communication and technology DBpedia subset. This subset was extracted thanks to a dedicated module and is composed of 8596 resources. The DBpediaRanker was used in several exploratory search systems (presented in the next section).

In Lee and al. ([109], 2010) the authors propose a semantic association search system based on a traversal algorithm that identifies the most relevant resources starting from a keyword-query. They define two relevance metrics: a specificity measure (favoring infrequent resources and properties) and a generality one (favoring frequent resources and properties). When a user enters a query in plain-text the keywords are matched to data literals associated to the resources thanks to a frequency similarity measure. Several resources are identified as the algorithm starting points. Then the two measures are used by the traversal algorithm to produce the two rankings. The approach proposes two fixed ranking schemes (generality and specificity) and consequently two result lists. They aim to satisfy two different information needs that correspond to two perspectives i.e. get specific or general information about resource(s) of interest. The authors present several queries' results performed on a small extract of a knowledge base related to elec-tronic appliance companies in Korea.

In Groues and al. ([63], 2012) the authors propose an adaptation of the Maedche and Zacharias measure [START_REF] Maedche | Clustering ontology-based metadata in the semantic web[END_REF] in order to apply it on linked data datasets. This measure takes into consideration several criterions about the considered pair of instances: a taxonomy similarity (class and category they share), a relation similarity (commons relations they share) and attributes similarity (comparison of their literal values). According to the authors the proposed measure needs to be adapted. It makes strong assumptions on the knowledge model that are not compliant with the semantic web data model e.g. each class is subsumed by only one other class. For their evaluation the authors computed the similarity between 30 movies pairs and compared the obtained value to the human judgment. They found a correlation of 0.69 between the human ratings and their semantic similarity results. According to the authors the method needs to be improved as some similarities were significantly underestimated or overestimated by the algorithm.

Cross-types and domains recommenders

The linked data based recommenders described in the previous sub-section target a defined type of resource and/or domain. This constraint is motivated by performance and recommendations quality concerns. It is easier to operate on a data subset as it limits the data heterogeneity and allows to process more finely the semantics (by manual declaration of relevant properties for instance). But it can also appear as a severe limitation in the linked data context. Indeed the richness of the linked data datasets and their interoperability offer an unprecedented ground for computing complex similarities and relatedness metrics. Retrieving recommendations mixing several domain of interest and/or several items classes leads to various issues [START_REF] Winoto | If you like the devil wears prada the book, will you also enjoy the devil wears prada the movie? a study of cross-domain recommendations[END_REF]. It is an ongoing topic of research inside and outside the semantic web community [START_REF] Loizou | How to recommend music to film buffs: enabling the provision of recommendations from multiple domains[END_REF]. The linked data in general and especially the multi-domains datasets like DBpedia or Freebase offer a promising ground for this research challenge.

Fernandez and al. ([51], 2011) proposed a framework to compute crossrecommendations on at least two chosen domains. More precisely it provides recommendations in a defined domain starting from instances that belong to another domain. Previous works proved the existence of latent similarities between items in the domain of music and places of interest [START_REF] Fernández-Tobías | A generic semantic-based framework for cross-domain recommendation[END_REF] [START_REF] Kaminskas | Location-adapted music recommendation using tags[END_REF]. They applied the method on DBpedia data using the scenario of musical recommendations starting from tourists' attractions (e.g. "Vienna State Opera"). The recommendation computation is operated offline and stored in a relational database. In a first time they perform a DBpedia triples extraction of the two targeted domains. Then instances belonging to the 2 domains are linked thanks to an acyclic graph. This acyclic graph is composed of a set of classes and properties that are selected by an expert. In the case-study the 2 domains are linked thanks to 3 different semantic paths. The first one considers the city they share, the second one considers the date they have in common (same period or not). The third one is a combination of categories and emotional tags coming from a previous work as well as lastFM music genre coming. Finally a weighted traversal algorithm is performed over this graph to generate the recommendations. The authors notice that the paths can be used as explanations. It is especially important to explain cross-domain recommendations as they can be non-obvious. The positive evaluation presented in [START_REF] Kaminskas | Knowledgebased music retrieval for places of interest[END_REF] and [START_REF] Kaminskas | Ontology-based identification of music for places[END_REF] showed very encouraging results (precision over 80 percent for top 5 results). The more an artist is related through different paths to a place (city, date and category for instance) the more he is positively evaluated. The evaluation results confirm the potential of linked data and DBpedia in particular for cross-domain and crosstype recommendations. The authors mention some limits, for instance they do not use the direct relations in the actual model (e.g. Gustav Mahler was the director of Vienna State Opera). Such cross-domain recommendations can be highly interesting for e-commerce platforms or social networks as they contain a wide variety of items (e.g. books, films, bands). tion are not pre-defined. The idea is that heterogeneous interests of the users can be gathered from various platforms or from a multi-domain one like Facebook in a single graph to ease recommendations. They are merged in a unique graph using DBpedia. A traversal algorithm is applied to process this graph and to compute the cross-domain recommendations. The recall and precision of the algorithm was positively evaluated against others algorithm for both single-domain recommendation (using the Movielens 100k datasets 38 ) and cross-domain ones (using the Amazon SNAP dataset 39 ).

Industrial semantic recommenders

As mentioned in the subsection 3.5.2, the 3 major search engines released between 2012 and 2013 an entity recommendation feature based on their respective knowledge graphs. The algorithms, software solutions to process the search engines knowledge graphs and run the functionalities are sensitive and mainly undisclosed, especially Google Knowledge Panel (2012) and the Bing Snapshot (2013) ones. Some technology-analysts 40 suppose that the Google Knowledge Graph is run by the Google Pregel [START_REF] Malewicz | Pregel: a system for large-scale graph processing[END_REF] large-scale graph processing engine. Bing might be run by the Microsoft Research's Trinity graph engine [START_REF] Shao | The trinity graph engine[END_REF] which was designed to handle billions of triples. If we refer to an old schema of the Trinity architecture, see Figure 4.3.3, we can observe there is a chance that Bing Satori uses RDF and SPARQL as native knowledge model and query language and not proprietary ones. On both Bing and Google interfaces the recommendations are presented under the label "people also search for". This formulation suggests that a collaborative filtering technique is used, but it is only a supposition. The algorithms and approaches in general remain secret.

Yahoo gave more information about its SPARK recommender system in [START_REF] Blanco | Entity recommendations in web search[END_REF]. The Yahoo Knowledge Graph is stored in "a native graph database". SPARK extracts a set of features about the resources in order to compute the recommendations. It includes co-occurrence that corresponds to how frequently two entities appear together in Yahoo search query-log, Twitter and FlickR. Popularity is also computed i.e. the prevalence of an entity in a data source (Yahoo Search results, Twitter, FlickR tags). Graph-theory based features are also extracted. The final ranking is performed thanks to a stochastic gradient boosted decision tree [START_REF] Friedman | Stochastic gradient boosting[END_REF]. The system was evaluated thanks to a golden-truth composed of manually evaluated results by Yahoo editors. Evaluations are run periodically to validate updates and optimization of the system. In-deployment positive usages statistics were observed in terms of numbers of click per SPARK recommendation and coverage: number of queries covered by SPARK. These two metrics are better and better since the deployment. SPARK clearly overcomes the results obtained by the previous system. The authors noticed an important trade-off between coverage and relevance. Today SPARK is deployed for English-language markets, Taiwan, Hong-Kong and Spain. The authors conclude the publication by affirming that their ultimate scope is "question-answering, i.e. answering arbitrary keyword queries regarding entities on the web".

It is important to stress that the research propositions that have been applied on the linked data cloud by the semantic search community are applicable, at a formal level, on such private knowledge graph. However a specificity of Bing, Google and Yahoo compared to other actors it they have critical concerns about scalability and quality of service.

Linked data based exploratory search systems

At the time of writing, several exploratory search systems based on linked data already exist. Exploratory search is still at an early stage of research. They are the most advanced systems in the field of linked data based exploration. They were built in the spirit of the Gary Marchionini seminal paper [START_REF] Marchionini | Exploratory search: from finding to understanding[END_REF] and often reference it. Semantic search technologies are more mature but still actively studied and strongly evolving. Consequently, using semantic search approaches to support exploratory search opens many questions today. In any case the semantic and structured aspects of linked data makes it very promising for supporting exploratory search asks. Several research works proved that additional semantics such as tags [START_REF] Kammerer | Signpost from the masses: learning effects in an exploratory social tag search browser[END_REF] or representation of the knowledge space structure [START_REF] Qu | Model-driven formative evaluation of exploratory search: A study under a sensemaking framework[END_REF] have a positive influence on the exploratory search. Moreover the sense-making activity that occurs during an exploratory search task can be eased and inspired by the linked data existing structure. We can anticipate a resonance between the users' mental models (frames) and the ontological schema(s).

We identified two main approaches in the literature in terms of processing and interaction model. The first one is to allow the users to produce views on the graph through rich operators (first subsection). The second approach consists in applying algorithms that leverage the semantics in order to select and rank a small amount of data that are presented to the users (second subsection). In the second case the graph is not displayed as it is. Computed relations (such as similarity, relatedness) are shown instead. In this section we review linked data based exploratory search systems. These systems vary a lot in the functionalities they propose.

View-based exploratory search systems

Aemoo 41 (2012) is an exploratory search system which is based on Encyclopedic Knowledge Patterns42 [START_REF] Musetti | Aemoo: Exploratory search based on knowledge patterns over the semantic web[END_REF]. It is built on top of DBpedia. Encyclopedic Knowledge Patterns (EKP) define the typical classes used to describe entities of a certain type. For instance "airport", "aircraft", "military conflict" or "weapon" are part of the "aircraft" EKP. They specify "the most relevant types of things that people use for describing other things". They were built thanks to a DBpedia graph analysis [START_REF] Nuzzolese | Encyclopedic knowledge patterns from wikipedia links[END_REF]. According to the authors in [START_REF] Nuzzolese | Encyclopedic knowledge patterns from wikipedia links[END_REF] the Encyclopedic Knowledge Patterns provide a "cognitively-sound organization and selection of information". Starting from a resource of interest Aemoo presents its direct neighborhood filtered with its corresponding class EKP in the form of a graph. Aemoo consequently minimizes the cognitive load of the users by presenting them only a filtered set of nodes that are the most informative regarding the topic of interest. It is possible for the users to focus only on certain types of relations proposed by the view e.g. showing only the Scientists that are related to Immanuel Kant. Aemoo also proposes a "curiosity" function which presents the yopic neighborhood through an inverted EKP filtering. This function aims to reveal unexpected knowledge. Aemoo also analyses Twitter and Google News feeds using named entity recognition using the resource of interest's label. If it detects an entity in these feeds it adds it to the results e.g. a news article that mention both Immanuel Kant and a Scientist. Consequently relations that do not exist in DBpedia can be dynamically exposed in Aemoo. The application offers a breadcrumb that allows the user to go back and forth. Aemoo also provides explanations by showing the cross-references between the seed and the result in their Wikipedia pages, Twitter and Google News (depending on the link provenance). 2013) is a project aiming to reveal the network of social and professional relations within the American jazz community [START_REF] Pattuelli | Crafting linked open data for cultural heritage: Mapping and curation tools for the linked jazz project[END_REF]. The objective is to capture such relations from transcripts of jazz people interviews available in museums, galleries, libraries and to publish it in RDF following the LOD principles. The jazz community is an interesting application case as it is a dense and complex network that is well documented. The method used to reach this goal is a combination of several steps of automated processing and crowd-sourced curation. They are listed hereafter:
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• Building the Linked Jazz Name Directory: first a DBpedia extraction is performed. Then this extraction is completed and cleaned thanks to the library of congress catalog 44 and the Virtual International Authority File 45 data e.g. adding nicknames to the directory. The name, birth and death date are compared and a degree of confidence is assigned regarding the percentage of positive matches.

• Cleaning the names in the directory: the identified names and their variants sorted by degree of confidence are accessible online and can be approved, corrected or deleted by anybody through the "name mapping and curator" web application 46 .

• Processing of the transcripts: the names present in the Linked Jazz directory are identified in the transcripts thanks to the Natural Language toolkit 2.0 platform 47 . Others resources such as the places, albums, songs, businesses, and partial names are also identified. The transcript analyzer also structures the text by clearly separating the questions and answers for the following human analysis step.

• Identifying the nature of the relations in the transcripts by using a crowdsourced approach: it is possible to easily explore the transcripts and to manually identify the nature of the relations they contain through a web application 48 . The available types of relation are predefined and include for instance acquaintance of, close friend of, played together, was mentor of.

The dataset obtained can be explored through a visualization tool 49 . It gives an overview of the jazz community network and supports more focused explorations e.g. individual connections, shared connections, dynamic network creation by manual selections. All the tools developed in the context of this project are opensource and domain-agnostic. They can be reused for other applications. Dumps of the data are also available online.

Algorithm-based exploratory search systems

The first system that makes use of the DBpediaRanker, presented in the previous section is the Semantic Wonder Cloud (SWOC, 2010) [START_REF] Mirizzi | Semantic wonder cloud: exploratory search in DBpedia[END_REF]. SWOC was inspired by the Google Wonder Wheel 50 and helps the users discover new knowledge around topic of interest. It uses the ICT domain resources' similarities computed by the DBpediaRanker. The users first select a topic of interest thanks to a DBpedia lookup. Then SWOC presents a graph-view of this topic surrounded by its 10 most similar concepts. In other words the application presents only a subset of the most informative related topics to the user. The connections that are shown are not necessarily direct neighbors in DBpedia graph. Consequently distant nodes in the DBpedia graph can be presented as neighbors in SWOC. It eases the process of exploration and unveils hidden knowledge through the exposition of associations that does not exist in the original graph. SWOC keeps track of the resources that have been shown to the users during the exploration so he can move backward to the previous steps of exploration. The second system that retrieves the DBpediaRanker similarities is Lookup Explore Discover (LED, 2010) [132]. LED is an exploratory search system that proposes query-resources suggestions that are semantically computed and presented in the form of a tag cloud. The user first enters a topic of interest using a DBpedia lookup. Then semantically similar DBpedia tags are proposed. Based on the query composed, the system retrieves an aggregation of results coming from several major search engines (Google, Yahoo, Bing) as well as a news feeds (Google News) and a microblogging service (Twitter). Thanks to the tags the users can refine their queries and explore more easily an unknown domain. A user evaluation showing positive results is presented in [START_REF] Mirizzi | Ranking the linked data: the case of dbpedia[END_REF]. The Linked Data Semantic Distance, presented in the previous section, is now implemented by the Seevl51 musical discovery web platform (2012). A plugin is also available for the music platform Deezer 52 and Youtube. Seevl uses the DBrec algorithm to retrieve artist recommendations, it is also possible to use the properties-values associated to an artist to discover other artists e.g. its musical genres, collaborations, record labels, band members. Seevl also provides triplebased explanations of the recommendations e.g. a band is recommended because its genre and place of origin are the same as the query ones. The music is directly playable on Seevl (fetched from Youtube). Seevl is a domain-dependent exploratory search system specialized on the musical domain. [START_REF] Waitelonis | Towards exploratory video search using linked data[END_REF] presents Yovisto 53 (2010) which is an academic videos platform hosting lecture recordings, conference talks, etc. Yovisto offers a "fine granular based video index" allowing its users to navigate in the content. The videos are collaboratively annotated by the users and benefit from automatic metadata generation. The system proposes a search functionality. It also provides a linked data based exploratory feature in the form of an entity suggestion related to the current query. According to the authors "broadening the scope and suggesting nearby related search alternatives is the tasks of an exploratory search feature". The objective is to propose "guided route" to the users in order to help them to explore the information space and to favor discoveries. It is especially useful at the beginning of an exploration when they lack salient keywords. The users can incrementally solve their information needs by performing sequences of suggested queries. These suggestions are computed over DBpedia thanks to a property ranking based on a combination of heuristics. They make explicit relation that can not be directly derived from the Yovisto metadata. The heuristics are based on structural and statistical 4.4. Linked data based exploratory search systems graph characteristics. They take into account various criteria such as the connection strength (e.g. unidirectional outgoing, unidirectional ingoing, bidirectional), the properties-frequency and some schema-based measures. Yovisto also proposes an in-session breadcrumb functionality that helps the users to come back to a previous search state. The authors validated their approach thanks to two rounds of experimentations. They stress that human evaluation is mandatory when considering exploratory search systems. First they received the help of 72 users to build a golden-truth. It is composed of 115 entities for which the users specified the most important facts and associations in their opinion, with the help of the Wikipedia page. At the end the authors obtained a set of 2.372 distinct resources assignments (total of 5.225). Using them as a golden truth they evaluated a large number of heuristics combinations in order to observe the variations in terms of precision and recall. Finally they performed a qualitative evaluation using 9 different task-based scenarios. A set of 11 out of 19 users performed the tasks with the exploratory search feature enabled whereas 8 users used Yovisto without the exploratory search feature. The comparison between the results of the 2 groups showed the benefits of the exploratory search feature: more search tasks were accomplished, the user satisfaction and the system helpfulness were judged better (1.82 vs 1.11 on 4 and 2.29 vs 1.66 on 4). It brought significant improvements with only a small loss in perceived familiarity (0.97 vs 1.06 on 4). The processing time per task and the number of results found were also better. [START_REF] Castano | inwalk: Interactive and thematic walks inside the web of data[END_REF]. It allows the users to interact with a graph of clusters named inCloud. An inCloud is a set of linked data based clusters, computed according to a manually declared list of properties. The clusters are related to each others by a semantic proximity link. The current inWalk web application is implemented on a Freebase subset related to athletes and celebrities. Each cluster is constituted of a set of resources and is labeled with the top-k most representative labels/types of the cluster's resources (e.g. "american/film", "italy/olympics"). The semantic proximity is used for the display i.e. closer clusters in term of semantic proximity appear closer in the graph. InWalk aims to give an overview on the explored domain and to ease its appropriation by the users. It shifts the general granularity of a single resource to semantically aggregated sets. inWalk proposes a proprietary query language to manipulate the data as well as a search with auto-completion that restrains the inCloud to the elements that match the query. Details of the computation (clusters, labels, similarity) are available in [START_REF] Castano | Thematic clustering and exploration of linked data[END_REF]. 55 for instance) but the semantics were not already leveraged to build disruptive browsing paradigms. During this period many visual and faceted browsers were also conceived. A possible reason of the success of such approaches is that the systems often operated at the time on small (and sometimes curated) datasets. The
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data size and homogeneity was favorable to both visualization and faceted interfaces. The first linked data browsers constituted a case of "diligence effect" 56 : at the beginning of a technical invention, new tools are created using old protocols.

The Linked Open Data initiative (2007) renewed the research in the field of semantic browsing and search. The quality, size and coverage of generic datasets like DBpedia opened the door to the elaboration of more complex approaches. The innovations concerned both the data processing and the interaction models. Innovative browsing paradigms were investigated including in particular set-based (Parallax [START_REF] Huynh | Parallax and companion: Set-based browsing for the data web[END_REF]), multi-pivoting (Visor [START_REF] Popov | Connecting the dots: a multi-pivot approach to data exploration[END_REF]) and hierarchical faceting (gFacet [START_REF] Heim | gfacet: A browser for the web of data[END_REF]) ones. Such systems allow the users to produce sophisticated views on data through rich operators in order to ease their understanding and exploration.

Thanks to the LOD datasets computing linked data based recommendations became also possible (2010) and showed very encouraging results. The computation was domain/type constrained at the beginning (MORE, LDSD [START_REF] Passant | Measuring semantic distance on linking data and using it for resources recommendations[END_REF], DBpe-diaRanker [START_REF] Mirizzi | Ranking the linked data: the case of dbpedia[END_REF], Lee and al. [109]) but more complex approaches including crossdomain (Fernandez and al. [START_REF] Fernández-Tobías | A generic semantic-based framework for cross-domain recommendation[END_REF]) and lateral recommendations (hyProximity [START_REF] Stankovic | Convergence entre Web Social et Web Sémantique. Application à l'innovation à l'aide du Web[END_REF], SemStim [START_REF] Heitmann | Report on evaluation of recommendations generated by spreading activation[END_REF]) were later explored with success. Recently (2012 -2013) the 3 major search engines deployed their knowledge graph based entity recommenders. Such deployments on mainstream services, subject to critical quality issues, confirm the maturity of linked data based recommendation techniques.

Nearly at the same time linked based exploratory search systems appeared. Some of the similarity measures implemented by the recommenders constituted a basis for such systems. The DBpediaRanker was integrated in SWOC [START_REF] Mirizzi | Semantic wonder cloud: exploratory search in DBpedia[END_REF] and LED [132] (2010). The LDSD measure was implemented by the Seevl platform (2012) to compute its recommendations. Other exploratory search systems based on various forms of processing also appeared including heuristic-based ranking (Yovisto [START_REF] Waitelonis | The path is the destination-enabling a new search paradigm with linked data[END_REF]) semantic pattern-filtering (Aemoo [START_REF] Musetti | Aemoo: Exploratory search based on knowledge patterns over the semantic web[END_REF]) and clustering (InWalk [START_REF] Castano | inwalk: Interactive and thematic walks inside the web of data[END_REF]). The systems published till today are very heterogeneous in terms of functionalities. The Figure 4.35 gives an overview of the most advanced systems for exploration and discovery using linked data. It includes the innovative semantic browsers, the recommender systems and the exploratory search systems. As the human engagement during the exploration tasks is critical we only included the systems having a user interface in this summary. We comment the table below by focusing on important interfaces and semantic search criteria. For each aspect we describe the limits and the achievements observable in the literature. We also mention the opportunities we see to overtake the actual published approaches. It is noticeable that the strengths and the weaknesses of the systems vary a lot. First, it is due to their heterogeneity. Second, the researchers and developers often concentrate their effort on a specific functionality or on a limited set of functionalities within the system. Third they tend to propose contributions where nothing was done before.

Human-computer interaction aspects

In this part we review the human-computer interaction aspects of the systems. To structure the analysis we remind below the diagram we proposed in chapter 2, see Figure 4.34. We enumerate the desired effects of an exploratory search system and present the principal limits and achievements encountered in the literature as well as the opportunities we see: The system provides efficient overviews: over-viewing the results space is important to understand the data, especially when exploring unknown or poorly known domains. According to [START_REF] Greene | Previews and overviews in digital libraries: Designing surrogates to support visual information seeking[END_REF] a good overview "provides users with an immediate appreciation for the size and extent of the collection of objects the overview represents, how objects in the collection relate to each other, and importantly, what kind of objects are not in the collection". Overviews can deeply assist an exploratory search tasks at its beginning when the users have no knowledge about the explored domain. It is a factor of guidance in a context of high incertitude (see chapter 2, section 3).

• Limits: an obvious limit of early textual browsers is that they only show the direct neighborhood of the browsed node. The visualization approaches gave better results in terms of over-viewing but they were often applied on manually-crafted datasets having a limited size. Such approaches are often optimized to satisfy specific use-cases and do not scale in the linked data context where the datasets are very large and heterogeneous. Some systems also limit the number of results they retrieve and deprive the users from using peripheral information in order to rise their understanding of the domain explored e.g. SWOC [START_REF] Mirizzi | Semantic wonder cloud: exploratory search in DBpedia[END_REF] retrieves the 10 most similar results only.

• Achievements: several applications are specifically built to favor the understanding of the data space by adopting a schema first, instances second design (Visor [START_REF] Popov | Connecting the dots: a multi-pivot approach to data exploration[END_REF] and gFacet [START_REF] Heim | gfacet: A browser for the web of data[END_REF]). The users interact first with the ontological schema and have access to the instance data in the second time. This approach is powerful for linked data experts but also introduces a high risk to confuse the lay users that are not familiar with this level of abstraction.

• Opportunities: we see an opportunity in graphically presenting a high variety and amount of results when a topic is explored. It can raise the users' domain understanding by allowing them to rely on peripheral information.

Exposing simple schema information together with the instances can also have a positive effect by adding elements of structure without confusing the users.

The system helps the user to understand the information space and shape his mental model: The execution of exploratory search tasks provokes an intense sense-making activity. The systems have to help the users in the identification of salient informational aspects to help them to deepen their understanding and to guide them in the search process. In the particular case of linked data based systems there is an interesting potential resonance between the ontological schema and the users' mental frames (as defined in the sense-making theory).

• Limits: the lack of structure of some systems' results space is a problem: flat lists of heterogeneous resources are presented without any explicit logic. Several systems constitute black-boxes and retrieve unexplained results, without giving explanations about them. The linked data graphs should be exploited to offer more transparency to the users.

• Achievements: six systems make use of facets which constitute a powerful sense-making factor by explicitly unveiling the important dimensions of the informational domain explored. Explanation features are also mandatory to understand the relations between the resources exposed and to reveal important elements of context. 5 systems offer result explanation features.

• Opportunities: it is critical to expose salient dimensions of the informational domain. Faceted interfaces are efficient for this purpose. At the same time we see an opportunity in offering a plurality of explanations about the results.

Offering multiple explanations can help several types of users to shape their mental frames. Moreover they will reveal different elements of context, in different forms. Putting information in context is critical during exploratory search.

The users explore multiple results and browsing paths: the cost to be engaged in a browsing path has to be low and perceived as low:

• Limits: the interaction models underlying exploratory search are complex.

And the sequences of interactions can be difficult to remind. Several systems do not offer any function to come back to a previous state of exploration. The users have to remind the sequences of interactions and perceive the cost of being engaged in a browsing path as high. They consequently explore less and potentially miss interesting discoveries.

• Achievements: 6 systems propose in-session memory feature, also known as breadcrumbs. The Parallax [START_REF] Huynh | Parallax and companion: Set-based browsing for the data web[END_REF] functionality goes further by allowing the editions of previous interactions e.g. deactivating a filter. Such editions lead to the re-computation of the subsequent sets of results. The breadcrumb navigation features considerably lower the perceived cost of browsing by freeing the user memory from interactions sequences tracking. Other interaction models are flexible and allow to easily modify the informational configuration to reveal new aspects of the topic explored. For instance gFacet [START_REF] Heim | gfacet: A browser for the web of data[END_REF] and Visor [START_REF] Popov | Connecting the dots: a multi-pivot approach to data exploration[END_REF] allow to dynamically modify the results space structure through simple interactions: adding or removing facets for instance.

• Opportunities: Apart from the use of breadcrumbs we see an opportunity in dynamic interface proposing progressive layers of information and allowing to easily come back to a previous exploration step.

The systems inspires the user and shapes his information need: during exploratory search the information need is progressively shaped through data exposure. However the systems can actively assist the users during their query formulation. Ideally they should support the users in the expression and the understanding of the query:

• Limits: it is noticeable that the vast majority of systems implying a query or a selection do not help the users in this task. This problem is especially hard in the context of semantic search where the input is often in the form of seed-resources. It gives far less possibility than in the case of keywordqueries where multiple combinations of keywords can be suggested. The selection and understanding of the inputs issue is a bit mitigated by some lookup search bars which show important resources' information e.g. type and abstract in Aemoo [START_REF] Musetti | Aemoo: Exploratory search based on knowledge patterns over the semantic web[END_REF].

• Achievements: two systems are particularly interesting regarding the assistance in the query composition precisely because it is their main contribution:
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Yovisto [START_REF] Waitelonis | The path is the destination-enabling a new search paradigm with linked data[END_REF] and Lookup Explore Discover [132]. They both rank the related query topics; using respectively heuristics and the DBpediaRanker [START_REF] Mirizzi | Ranking the linked data: the case of dbpedia[END_REF].

• Opportunities: We understand the problem of the query composition assistance as a problem of lack of input expressiveness. To overtake the actual limitation we need to propose a query model that is more flexible, expressive and that can open the door to finer assistance in the composition. Being able to only query with monolithic instances prevent from new possibilities in terms of information need representation and related assistance.

The system favors discoveries: by nature all the systems supporting linked data exploration favor discoveries at some point. However, the systems can go further through processings that aim to specifically uncover unexpected information about the topic explored.

• Limits: the main limit we see is that the majority of algorithmic-based systems retrieve the most obvious results without giving alternatives to their users. For instance the recommender systems propose recommendations that have a very high similarity with the query. Some users might be interested in systems that retrieve less obvious results e.g. for rising their peripheral knowledge about a topic.

• Achievements: by nature all the tools listed in this review favor discoveries at some point. Especially because the algorithms employed are contentbased and susceptible to expose unexpected piece of information e.g. the link between the Tennessee Tree band and Johnny Cash in Seevl. Such information would be probably masked by collaborative filtering approaches.

One system goes further by explicitly showing curious information about the topic explored. Indeed Aemoo [START_REF] Musetti | Aemoo: Exploratory search based on knowledge patterns over the semantic web[END_REF] proposes a curiosity functionality which expose topics curious links by identifying unusual links at the schema level (using EKPs [START_REF] Nuzzolese | Encyclopedic knowledge patterns from wikipedia links[END_REF]).

• Opportunities: We see an opportunity in proposing flexible algorithms that modify their behavior to match a desired level of surprise/unexpectedness.

To go further we can imagine systems that adapt their processing regarding the identified level of expertise of their users.

The system eases memorization: during exploratory search the users seek to rise their knowledge about a topic. It implies a consequent effort of memorization that needs to be assisted.

• Limits: The quasi-totality of the systems do not help their users to memorize the results they discovered. None of these systems propose accountrelated collections to save the discovered results along the successive search sessions.

• Achievements: In-session memory features avoid the users to memorize their sequences of browsing. However such functionalities are sessiondependent and do not persist over time whereas the exploratory search tasks 100 4.5. Discussion often occur through several sessions distributed over the time. Visor [START_REF] Popov | Connecting the dots: a multi-pivot approach to data exploration[END_REF] addresses this need of persistence by offering an export functionality. Nevertheless it requires a complex manipulation that is not accessible to all the users.

• Opportunities: There is a need to develop account-related memory features that support knowledge acquisition and accretion for long-lasting interest.

Collaborative approaches which gather several points of view and advanced knowledge organization (e.g. mind maps) are relevant axes of development for such functionalities.

Semantic search aspects

In this part we review the semantic data processing side of the systems. We focus especially on two aspects that are critical and that vary a lot in the literature: the data and the processing.

Data: the data constitutes the raw material for all the systems. As mentioned previously the LOD datasets made possible new forms of processing that are implemented by the most advanced systems of our review.

• Limits: the obvious limit we see is that the data source used by the systems is fixed. They operate on top of one (sometimes gathered from several sources) dataset for all the queries. Moreover, some approaches operate on limited dataset subsets and necessitate a manual intervention. These approaches discard many triples that could enhance the results by adding elements of context.

• Achievements: of course the main achievement in the field is that real world datasets (and not manually crafted ones) were used with success to source the systems. In this context Freebase and especially DBpedia were extensively used by the research community. It is noticeable that the Linked Jazz [START_REF] Pattuelli | Crafting linked open data for cultural heritage: Mapping and curation tools for the linked jazz project[END_REF] RDF knowledge base creation was motivated by an exploration objective.

The knowledge graphs built by the major search engines may reach a new level in terms of coverage and quality. Unfortunately their public access is not possible at the moment and not planned.

• Opportunities: the LOD is distributed by nature and it is constantly evolving. We see an opportunity in creating a system that is able to select the knowledge source to be processed regarding the query. Along with this idea we can also imagine a system that query and merge data coming from several sources in order to compute richer results.

Processing: the data processing is one of the key component of the exploratory search systems together with the interaction model. Several techniques were investigated, they differ a lot from one system to another.

• Limits: the algorithms implemented by the systems have diverse objectives but the vast majority share the following limit: they propose a unique results selection and ranking scheme. In other words, there is only one result set associated to a query. This can be considered as a severe limitation in the context of exploratory search where the knowledge of the users evolve at the rhythm of the search sessions. They might be interested in modulating the retrieved results according to a variety of criteria including their expertise. Moreover the objects (topics) described in linked datasets are often rich, complex and could be approached in many manners. It is also noticeable that the data freshness issue is not mentioned in the existing literature.

• Achievements: generally the algorithms proposed were positively evaluated. Several initiatives aimed to benefit from the domain traversal characteristic of datasets like DBpedia by proposing advanced computing. They include lateral and cross-domain recommendations. The evaluations of such approaches were also positive. Two systems offer a flexible processing that aims to unveil a plurality of perspectives about the topics of interest. The first one is the MORE movie recommender [START_REF] Mirizzi | Movie recommendation with dbpedia[END_REF]. The users can tune the importance of several vectors (e.g. director, music, starring) in order to influence its recommendations. The second one is Ameoo [START_REF] Musetti | Aemoo: Exploratory search based on knowledge patterns over the semantic web[END_REF] that proposes to unveil topics curiosities.

• Opportunities: we see an opportunity in developing a framework that overtakes the actual approaches by being able to support a wide range of different explorations (corresponding to different use-cases) starting from a topic of interest. It notably includes the possibility to generate various topics perspectives regarding diverse facets of interest, levels of expertise and cultural prisms. We also want the users to be able to combine several interests in a single query to explore resources of interest at their crossroad. This case is currently not supported by the algorithmic-based exploratory search systems. Finally the system has to leverage the distributed aspect of the LOD. It also has to address the data freshness issue as the LOD datasets evolve over the time.

Conclusion

This chapter closes the state-of-the-art review of this thesis. In chapter 2 we introduced exploratory search and focused more particularly its positioning in the field of search, its definition, systems and evaluation. Exploratory search is poorly solved by actual popular search solutions and is an active research topic. In chapter 3 we introduced semantic search, which refers to the incorporation of semantics in search approaches and systems. We focused more particularly on the actual phenomenon of structured data publication, the semantic web and linked data visions and realizations, the semantic search systems' main concepts and deployments.

Conclusion

Semantics offer possibilities to solve complex search queries and needs, including exploratory search ones.

Chapter 4 is at the crossroad of exploratory search and semantic search. It presents the systems that support the exploration and discovery of linked data. We described a variety of linked data browsers, recommenders and exploratory search systems by focusing more particularly on the human-computer interactions and semantic search aspects. We analyzed the evolution of the research and identified the main limits and achievements encountered in the literature. We also presented the opportunities we see to overtake the actual approaches and to build a successful linked data based exploratory search system. Starting from them we propose in chapters 5 to 8 a framework and a web application for exploration and discovery over DBpedia: Discovery Hub. 

Introduction

This introduction opens the contribution part of the thesis. Relying on the previously identified opportunities we propose an algorithm for linked data based exploratory search. In this chapter we detail a novel algorithm and its variants. It is designed to leverage the linked data semantic richness in order to automatically select and rank a set of resources that are informative about a topic of interest. Its implementation and evaluation are described in the upcoming chapters.

We chose to develop an algorithm-based exploratory search approach, as defined in chapter 4. Such approaches retrieve a set of algorithmically computed results that are then explored by the users through an interface. In our opinion Chapter 5. Relevant resource selection by semantic spreading activation the view-based approaches are relevant for expert users only as they often propose complex interaction models. The algorithm-based approaches are more automated and intuitive, but often at the cost of the interaction precision. To mitigate such tradeoff we will propose in this chapter several variants of our algorithm to support a more flexible exploration.

The linked datasets semantic richness offers plenty of possibilities to sort, prioritize, discard, rank the resources by using the knowledge they contain at the instance and schema levels. At the same time their volume and heterogeneity constitute difficulties for designing algorithms that make sense of data. To lower this difficulty we based our processing on an algorithm that is well-known, documented and that has proven its efficiency for information retrieval: spreading activation. Moreover several research works have shown in the past the value of leveraging the semantics to enhance spreading activation. We propose a spreading activation algorithm adaptation that leverages the graph richness thanks to semantic filtering and similarity. The double objective of this semantic sensitiveness is to increase the algorithm relevance and lower its cost of execution.

In this chapter we will review (5a) the spreading activation basis of the algorithm: its origins, its core formula, its applications for information retrieval, (5b) we motivate our choice in favor of spreading activation, (5c) we present the formalization of our semantic adaptation for a query composed of a unique resource (referred to as monocentric), (5d) we extend the formalization of the version for a composite query having several resources as inputs (referred to as polycentric), (5e) we introduce the advanced querying functions based on the algorithm, (5f) we discuss the design of the algorithm. All the formalizations are illustrated by simple and fictive examples, freely inspired from DBpedia. The formalization of the monocentric, polycentric and advanced querying algorithm variants were respectively published in [START_REF] Marie | Discovery hub: on-the-fly linked data exploratory search[END_REF], [START_REF] Marie | Composite interests' exploration thanks to on-the-fly linked data spreading activation[END_REF] and [START_REF] Marie | Exploratory search on topics through different perspectives with dbpedia[END_REF].

Spreading activation basis

Origins

Spreading activation has its roots in cognitive psychology, more particularly in the study of human memory phenomena and operations. The spreading activation theory captures both the way the knowledge is stored in the memory (semantic network) and the way it is processed (spreading activation model). In 1966 Quillian modeled for the first time the memory in the form of a semantic network which is "an expression of knowledge in term of concepts, their properties, and the hierarchical class relation between the concepts" [START_REF] Quillan | Semantic memory[END_REF]. In 1969 Collins and Quillian asserted that, in the memory, information are stored in categories which are each other logically and hierarchically related [START_REF] Collins | Retrieval time from semantic memory[END_REF]. For instance on Figure 5.1 bird is included in the broader category animal and is divided into narrower categories such as canary or ostrich. They also introduced the cognitive economy phenomenon: high level information such as animal has skin are applied to subdivisions such as canary has skin. The information is stored once at the highest level and is not unnecessarily repeated. Reusing this human memory representation, Collins and Loftus proposed the spreading activation model to simulate the human memory operations and more particularly the recall of memory units in 1975 [START_REF] Collins | A spreading activation theory of semantic processing[END_REF]. The mental operations are represented in the form of activation levels that spread along the semantic network of the memory. The probability of accessing a memory unit depends on its level of activation. The activation level that passes from one network node to another depends on the semantic relations between them [START_REF] Gazzaniga | Fundamentals of cognitive neuroscience[END_REF]. Such activation level is greater when the memory is accessed frequently or has been accessed recently [START_REF] Pirolli | The role of practice in fact retrieval[END_REF]. In other words the strength of the semantic associations decays over the time [4]. In 1983 Anderson introduced the fan-out effect to enrich the original model: the activation that spreads to one node is distributed among all its neighbors [4]. The latter receive only a fraction of the initial amount of activation. Anderson was also the first, in 1983, to propose the formalization of the level of activation of a node. In [4] he states he gives the following formula:

Preliminary definition 1: (Original spreading activation formula by Anderson). The level of activation of a node y is:

a y = ∑ x f xy a x + c y
Where:

• c y is 0 unless y is a focused element in which case c y is the amount of activation coming from this source.

• f xy determines the level of activation passed the node x to y by taking account of the loss of activation and a "relative strength" function depending on the nodes x and y, see [4] for the complete explanation.

Later spreading activation inspired computer sciences algorithms. It was notably used in information retrieval as a processing framework for semantic networks. A lot of variants exist but the core functioning is always the same: first a stimulation value is assigned to one or several node(s) of interest that represent(s) the query and information need. Then this value is propagated to the neighbors' node(s). The values assigned to these neighbors depend on the algorithm purpose, settings and heuristics. During the next iterations the propagation continues from the activated nodes. These iterative propagations are also called pulses. This process is repeated till a stop condition is reached e.g. time limit, maximum number of nodes activated or iterations. The graph structure is used as a search controlling pattern and the activation level as a result selection and ranking indicators. With its connectionist nature spreading activation is a typical associative retrieval algorithm. The associative retrieval approaches aim to identify results of interest by relying on their associations with resources that are already known to be relevant.

Spreading activation can be monocentric or polycentric. A monocentric query refers to the initial stimulation of a single origin node. A polycentric query corresponds to the initial stimulation of several nodes at a same time. The formula of spreading activation is presented hereafter.

Core approach

The general spreading activation generic formula, inspired from [START_REF] Akim | Spreading activation for web scale reasoning: Promise and problems[END_REF], is presented below:

Preliminary definition 2: (Spreading activation basis)

a(i, n + 1) = w s * s(i, n) + µ f ∑ j∈Neighbors(i) w i j * a(j,n) degree j
Where:

• a(i, n + 1) is the activation value of node i at the iteration n + 1;

• w s is a weight balancing the stimulation value;

• s(i, n) is the stimulation value of the node i at the iteration n. This value is positive if the node i is an origin node and null otherwise;

• w i j is a weight between nodes i and j;

• a(j, n) is the activation value of the neighbor node j at iteration n;

• degree j is the degree of the node j. Dividing the activation distributed by the nodes' degree simulates the fan-out effect.

• Neighbors(i) is the set of neighbors of the node i; 108
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• µ is a constant balancing the activation value;

• The function f depends on the algorithm objective. It can be a threshold function for instance.

When it is applied for information retrieval purposes the spreading activation is mentioned in the literature as constrained and not pure. This term means that a variety of restrictions, decay and stop conditions are used to increase the algorithm relevance and performance. The spreading activation model is fundamentally connectionist. Its application on dense graphs can rapidly lead to the activation of an important amount of nodes. Such saturation leads to prohibitive computational costs. It is particularly susceptible to happen in the linked data context where the graphs are very large and connected. Thus it is crucial to apply constraints on the propagation in order to minimize the number of nodes visited and consequently the computational cost. Moreover, it was proved that the pure spreading activation technique tends to produce query-independent results [START_REF] Berthold | Pure spreading activation is pointless[END_REF]. The choice of the constraints is fundamental and deeply influences the outcome of the algorithm. A critical constraint is the weight, w i j in the formula, that determines the amount of activation that passes from one node to another. It has a critical impact on the propagation and by extension on the results. Following weighting functions are frequently mentioned in the literature:

• Manual weight specification: in this case manual weights are associated to resources and properties at instance or schema level. This approach hardly scales to the linked data context where the datasets size and heterogeneity prevent efficient manual intervention.

• Prevalence: rare resources or properties are considered as more informative and are associated to higher weights, or inversely.

• Other computations: a lot of implementations make use of weighing measures obtained from on-purpose processing e.g. semantic similarity, machine learning, usage mining, crowdsourcing or human-based computing approaches can provide a way to compute this value.

Spreading activation is an iterative algorithm that can use a variety of stop conditions. Common ones include:

• Time limit: a fixed execution time is specified.

• Threshold activation value: a minimum value can be set to trigger the nodes activation. As the propagation spreads it is attenuated and fewer and fewer nodes are activated along the iterations.

• Number of iterations: the propagation stops after a determined number of pulses.

• Number of nodes reached: the propagation stops when a determined amount of nodes is reached by the propagation.

• Distance: the propagation stops when it becomes too distant from the activation source(s), considering the shortest path.

• Stabilization: the propagation stops when all the activation values reach a stable state i.e. variations in activations between two iterations are below a given threshold or null.

Information retrieval applications

Early systems Spreading activation was used in the literature to process semantic networks and associative networks i.e. networks having undefined and unlabeled associative relations among the nodes. In [START_REF] Crestani | Application of spreading activation techniques in information retrieval[END_REF] the author reviews early works that applied spreading activation for information retrieval purpose. In his Phd thesis [START_REF] Preece | A spreading activation network model for information retrieval[END_REF] presented the first attempt to use a spreading activation technique for an information retrieval [START_REF] Preece | A spreading activation network model for information retrieval[END_REF]. He implemented it to process a manually-built semantic network constituted of a small set of documents. In [START_REF]Expert/consultation system for a retrieval data-base with semantic network of concepts[END_REF] (1981), the authors apply a spreading activation algorithm on a semantic network built upon a thesaurus. The system they propose is interactive: it asks the user's agreement on the results at each iteration. An unsupervised version of the algorithm is also available but generates a very long list of results. The GRANT system by [START_REF] Cohen | Information retrieval by constrained spreading activation in semantic networks[END_REF] executes spreading activation over a dataset composed of research proposals and potential funding agencies [START_REF] Cohen | Information retrieval by constrained spreading activation in semantic networks[END_REF]. This semantic network was manually built by several knowledge engineers. The application of a spreading activation algorithm showed positive results especially for "difficult information needs" i.e. cases that were difficult to solve using the traditional DBMS.

Nevertheless the authors reported misleading results on the "simple cases". In his thesis Crestani also mentions several approaches that operate on hypertext data, without mentioning the web. They enable the users "to search for documents not only by querying a document, but also by browsing it" e.g. [START_REF] Savoy | Bayesian inference networks and spreading activation in hypertext systems[END_REF].

According to [START_REF] Crestani | Application of spreading activation techniques in information retrieval[END_REF] (1997) one of the toughest difficulties for applying spreading activation is to build the semantic network that captures the knowledge covering the desired use-case(s). The semantic networks used by the system during the nineties were often built manually or generated thanks to experimental techniques. They were very expensive to produce. The building automation and maintenance of such semantic networks constituted open research challenges at the time. Of course this problem is not a difficulty in the linked data context we address. Today such semantic networks are available and are already structured. The semantic web graphs renewed the interest about associative retrieval techniques, including spreading activation.

Semantic networks [START_REF] Crestani | Searching the web by constrained spreading activation[END_REF] (2000) is one of the earliest works applying spreading activation over a web hypertext graph, thus the links are unlabeled and unweighted. To guide the propagation the authors compute a similarity between the fired nodes and their neighbors. The similarity is based on a cosine compar-ison between the web pages so-called "search profiles". These search profiles are weighted index of terms extracted from the pages content. A users' experiment was performed and showed that the algorithm retrieved relevant results.

In [3] (2003) the authors identify communities of practice in a semantic graph representing the Southampton university' electronic and computer science departments. The dataset contains information about persons, papers, projects and conferences. The system called Ontocopi allows its users to select an instance e.g. a researcher. Then it retrieves a related community of practice thanks to spreading activation. It is possible to use an automatic allocation of weights for the properties. The weights are computed according to the properties prevalence in the dataset. Another possibility is to manually tune it e.g. assigning less activation when the propagation pass the member of project or has author links. The algorithm spreads in both directions and the propagation stops when it becomes too distant from its origin. The users can tune this distance in order to influence the size of the community of practice retrieved. It is possible to ignore specified instances during the process. This functionality can be used to simulate the effect of losing a research project on the links between the Southampton researchers.

In [START_REF] Liu | Semi-automatic ontology extension using spreading activation[END_REF] (2005) the authors describe a method to extend and refine domain ontologies starting from a document corpus. They mine this textual data in order to create a semantic network. To this end they notably use co-occurrence analysis and Wordnet disambiguation. A spreading activation algorithm is used to process this graph in order to find the best candidates to extend the ontology. They use a climate change ontology in their case study. The semantic network has 4 different properties that are manually weighted by the authors. Such weights correspond to an estimated degree of confidence regarding their provenance. It is basically high for the properties belonging to the seed ontology, that have been checked by expert, and less for the automatically extracted ones.

In [START_REF] Liang | A semantic-expansion approach to personalized knowledge recommendation[END_REF] (2008) the authors perform queries expansion thanks to a spreading activation algorithm in order to build users profiles. A user profile that consists of weighted concepts is built by analyzing the documents that were previously read by the users. This profile is then expanded using spreading activation over a semantic network that contains is-a properties. 3 different propagations are executed, a generalization one that activates the concept above the stimulated concepts (through the is-a properties), a specialization one that activate the concept below the stimulated concepts (using again the is-a property), and a relevance one using the non is-a properties. The weights corresponding to these properties are set manually as well as an activation threshold. The maximum number of iterations is set at 2. A users' evaluation showed the benefits of the profile expansion.

In [START_REF] Gouws | Measuring conceptual similarity by spreading activation over wikipediaâs hyperlink structure[END_REF] the authors compute similarities between concepts and by extension, documents, using a spreading activation algorithm. They use Wikipedia as a semantic network where the concepts correspond to articles and the hyperlinks to relations between these concepts. The semantic network they propose can be considered as a degraded DBpedia, similar in term of structure but without semantics. The authors also use distance, fan-out and threshold conditions to constrain the propagation. They proposed and compared 3 weight mappings step and 3 spreading activation strategies to process the graph. They performed experiments to find the best combination. Their method is positively evaluated both for document and concept similarities against 2 others Wikipedia-based measures: the explicit semantic analysis [START_REF] Gabrilovich | Computing semantic relatedness using wikipedia-based explicit semantic analysis[END_REF] and the Wikipedia link measure [START_REF] Witten | An effective, low-cost measure of semantic relatedness obtained from wikipedia links[END_REF] approaches.

Semantic web [START_REF] Rocha | A hybrid approach for searching in the semantic web[END_REF] (2004) was the first work that used spreading activation for semantic search. It presents a hybrid approach to search RDF data by combining a keyword-querying system and a spreading activation algorithm. The objective is to use an associative retrieval technique to retrieve results of interest while keeping the intuitiveness of the keyword search queries. The authors first associate a numeric value to each property in the graph using an approach combining a similarity and a specificity measure. These weights are used to modulate the amount of propagation that is passed from one node to another. When the users enter a keyword query it is mapped to a set of nodes in the ontology using the literals attached to them. These nodes are stimulated. The activation paths are also shown to the users for results explanation purposes. Several evaluations on different datasets (university intranet and art-related data) proved the efficiency of the approach. The stop condition is a distance one, set at 3. They also introduce an attenuation factor that decreases the activation values over the iterations.

[79] (2008) proposes a method based on spreading activation to create contextadaptive web applications. The context (e.g. time, weather, devices) of the users as well as the information collection (content) are represented in a single semantic network. When the users' context changes the corresponding node activations values are modified and an activation flows through the network. The content shown on the website is adapted regarding the corresponding activation values. The system takes into account the users' feedback and modifies the weight in consequence. Each user has an individual graph representing his context and content information. This graph serves for personalization and augments the probability to retrieve items of interest over the time. The system uses a maximum number of activated nodes and maximum amount of processed nodes as stop conditions. A users' evaluation confirmed the efficiency of the approach.

In [START_REF] Kinsella | Navigating and annotating semantically-enabled networks of people and associated objects[END_REF] (2008) the authors use spreading activation over a RDF socio-semantic network. The network is a handly-crafted web-crawl composed of 16.468 entities and 25.028 relations. It contains FOAF entities as well as resources that constitute social objects [START_REF] Engestrom | Why some social network services work and others don't â or: the case for object-centered sociality[END_REF] (interests, schools, workplaces, projects, documents). Social objects are objects of interest which indirectly connect several profiles/persons through diverse platform-dependent interactions e.g. share, rate, comment a photo. According to the authors there is a need for new techniques to efficiently navigate the social networks content as they are increasingly large, dense and heterogeneous. Innovative forms of processing are needed within and, even more, across the semantically described social network platforms. In the paper the authors perform monocentric spreading activation to locate sets of nodes that are closely related to a person using the IBM Galaxy framework1 . They also execute polycentric queries in order to locate a community centered around several persons. The authors detail the results of such queries but do not evaluate them. The paper is presented as a proof-of-concept showing the application of spreading activation for navigation purposes over socio-semantic networks.

In [START_REF] Katifori | Ontologies and the brain: Using spreading activation through ontologies to support personal interaction[END_REF] (2010) the authors apply spreading activation over a personal information management ontology. The ontology covers several types of items such as events, places, activities. When a document is selected the system executes a spreading activation algorithm over the ontology starting from the corresponding instance and its class. It finally suggests a list of related instances and classes that can be used to classify the document. The main interest of the approach is that it implements 3 different formulas influencing the spreading activation. They correspond to short-term, middle-term and long-term memory.

In [START_REF] Freitas | Treo: combining entity-search, spreading activation and semantic relatedness for querying linked data[END_REF] (2011) the authors answer natural language queries with DBpedia. Their technique combines entity search and a spreading activation algorithm leveraging a semantic relatedness measure. The query is first processed with entity recognition and a parsing technique. It is modeled in the form of a partial ordered dependency structure. For instance the query "from which university did the wife of Barack Obama graduate?" is transformed in a structured sequence of terms named a partial ordered dependency structure (PODS): e.g. Barack Obama / wife / graduate / university. Such terms constitute the starting point of the spreading activation algorithm. The propagation is driven in the graph thanks to a semantic relatedness measure in order to reach nodes that correspond to the terms of the PODS. This semantic measure is the Wikipedia Linked Measure taken from [START_REF] Witten | An effective, low-cost measure of semantic relatedness obtained from wikipedia links[END_REF]. For instance starting from Barack Obama the propagation will reach the node Michelle Obama because dbpedia-owl:spouse, has a high similarity with the next term of the PODS: wife. The spreading activation iterates till the size of the PODS is reached. The authors made an evaluation using the QALD dataset challenge2 . They obtained an average precision of 0.487, an average recall of 0.57 and 70% of answered queries.

The LOD also motivated researches on fast, robust and scalable algorithms for processing RDF data. This is the purpose of the LarKC international project 3 (2011) which developed an open-source and distributed semantic computing platform offering, among others, spreading activation based processing. In [START_REF] Grinberg | Approximate spreading activation for efficient knowledge retrieval from large datasets[END_REF] the authors detail the performance of a very fast spreading activation application over a large LOD source. They activated millions of nodes in only a few seconds. This impressive result is obtained by executing the algorithm on instances' clusters and not directly on the instances. Nevertheless, the approximation strategies they use are not accurate enough to be used in a knowledge retrieval context like exploratory search as they massively select nodes, do not rank them and do not exploit their semantics finely.

Several approaches based on traversal algorithms mentioned in chapter 4 use indeed spreading activation. Lee and al.

[109] use it in their associative search system. It is interesting to notice that they propose two result lists by implementing 2 different weighting functions (generality and specificity ones). Spreading activation was also chosen by Fernandez and Heitmann to compute cross-domain recommendations. In the first case [START_REF] Fernández-Tobías | A generic semantic-based framework for cross-domain recommendation[END_REF] the spreading activation algorithm is applied on a small acyclic graph that captures the relation between 2 domains, through chosen properties. In the second case [START_REF] Heitmann | Report on evaluation of recommendations generated by spreading activation[END_REF] the algorithm is applied on a heterogeneous interest graph that was merged thanks to DBpedia.

Requirements and motivations

We chose to ground our solution on a spreading activation basis for the reasons presented hereafter. Some of them were obvious before the implementation because they were well-documented, others advantages were observed all along the implementation:

• It is inspired by human cognition: there is an interesting resonance between the cognitive psychology origins of the spreading activation and its application in a context of exploratory search. The data can be considered as an external memory and the algorithm retrieves results that should be memorized by the users.

• It is a well-tried algorithm: spreading activation has been successfully used in information retrieval since years. Relying on such solid and welldocumented method constituted a solid support in the complex contexts of exploratory search and linked data processing.

• It can takes minimal inputs to produce large result sets: due to its connectionist functioning spreading activation can be executed starting from minimal and vague inputs e.g. selection of a resource of interest. It is able to retrieve large sets of results, to favor the recall rather than the precision. These aspects are consistent with exploratory search, at least its early stages when the users have a vague idea and are not able to formulate precise queries.

They show an orienteering behavior by exploring large sets of potentially relevant result.

• It is adaptive and flexible: the weighing function can be easily tuned to cover a variety of use-cases. In this way [109] proposed two weighting functions that produce two result lists for a query. It is possible to allow the users exploring topics from various angles by playing on such weighting function.

• It is fast: it has been shown that spreading activation can reach a high level of performance. Some works are especially dedicated to the execution of spreading activation on very large datasets in record times e.g. [START_REF] Grinberg | Approximate spreading activation for efficient knowledge retrieval from large datasets[END_REF] and [START_REF] Lorenzo | Applying mapreduce to spreading activation algorithm on large rdf graphs[END_REF].

There is also a tradeoff between results quality and execution time. Indeed, spreading activation is a connectionnist and an iterative algorithm so it needs

Monocentric semantic spreading activation function

a vast amount of connections to process during a sufficient number of iterations to produce a relevant result. Otherwise it is possible to design faster but still relevant approximations by relying on fine-tuned, optimized amounts of connections and iterations.

We adapted the original spreading activation formula to propose a semantic adaptation optimized for the processing of large and heterogeneous graphs like the linked data ones. Indeed in this context there is a need to constrain the propagation in order to target relevant parts of the graph only for increasing the algorithm relevance and minimizing its cost of execution. The information need and the corresponding queries are often vague during exploratory search. Thus the algorithm has to identify relevant results starting from simple inputs by extensively relying on the graph richness. The semantic weighting function assumes the task to assign the level of activation that passes from one node to another. In our algorithm it has two effects on the spreading activation process:

• First the activation spreads only to nodes belonging to a subset of classes identified as relevant regarding the topic explored. In other words the Class Propagation Domain is a query-dependent semantic filtering operator that identifies the nodes that are eligible to activation (CPD(o), definition 10 below).

• Second it favors the nodes that are similar to the queried node/topic thanks to a triple-based similarity measure (commontriple(i, o), definition 11 below).

To sum up the spreading activation adaptation we propose to retrieve a mix of filtered results that are strongly related and/or similar to the topic explored.

Monocentric semantic spreading activation function

Spreading activation is monocentric when a single resource is initially stimulated. At the contrary polycentric queries, presented in the following section, have multiple initial stimulations. The queries targeting a unique entity are the most common ones in the context of web search. It has been observed that more than 50% of web search queries are "pivoting around a single entity that is explicitly named" [START_REF] Blanco | Entity recommendations in web search[END_REF]. The execution of the monocentric algorithm in the context of the LOD is detail in the chapter 6, section 6.3, page 143.

Formalization

Prior to the algorithm definition, we introduce several necessary definitions on RDF triples as well as the classic graph functions we use: Definition 1: (RDF triple, RDF graph). Given U a set of URI, L a set of plain and typed Literal and B a set of blank nodes that are simply indicating the existence of a thing, without using an IRI to identify any particular thing 4 . An RDF triple is a 3-tuple (s, p, o) ∈ U ∪ B × U × U ∪ B ∪ L . s is the node subject of the RDF triple, p the predicate of the triple and o the node object of the triple. An RDF graph is a set of RDF triples. Definition 2: (RDF typing triple, RDF non-typing triple). An RDF typing triple is a 3-tuple (s, p, o)

∈ U ∪ B × rd f : type × U ∪ B ∪ L . An RDF non-typing triple is a 3-tuple (s, p, o) ∈ U ∪ B × U\rd f : type × U ∪ B ∪ L .

Definition 3: (Inferred RDF triples, IRDF triples).

Inferred RDF triples of an RDF non-typing triple (s, p, o) is the set of RDF triples (s, p, o) ∪ (s, rd f : type, t i ), 1 < i < n ∪ (o, rd f : type, c j ), 1 < j < m obtained after RDFS closure. To ensure that each node has at least one type we give by default the type rd f : resource to each node in accordance with RDF/S semantics.

Let KB be the set of all the triples asserted and inferred in the triple store (def. 1, 2, 3). Definition 4: (node degree). The node degree of a node j is the number of edges involving the node j: degree j = |(j, p, y) ∈ KB ∪ (x, p, y) ∈ KB; x ∈ U ∪ B ; y ∈ U ∪ B ∪ L | Definition 5: (Type depth). The function depth(t) uses the subsumption schema hierarchy (as in RDFS or OWL) to compute the depth of a type t and identify the most precise type(s) available for a node.

depth(t) = = 0 i f t = T the root o f the hierarchy, = 1 + Min s t ;(t,rd f :subClassO f ,s t )∈KB depth(s t ) otherwise
Where the type t is a class in the hierarchy of the RDFS schema and s t is a direct super class of t in this hierarchy before any transitive closure is computed. Definition 6: (Node neighborhood) Neighbor(i) is the set of neighbors of the node i: Here is the formula for a monocentric query i.e. for an interest captured in the form of a unique stimulated resource. A single node is activated:

Neighbor(i) = x; ((i, p, x) ∈ KB ∨ (x, p, i) ∈ KB) ∧ p = rd f : type ∧ x ∈ U ∪ B
a(i, n + 1, o) = s(i, n, o) + w(i, o) * ∑ j∈Neighbors(i) a(j,n,o) degree j
where:

• o is the origin node, the instance of interest initially stimulated e.g. Claude Monet;

• n is the current number of iterations;

• a(i, n + 1, o) is the activation value of node i at iteration n + 1 for an initial stimulation at o;

• j iterates over the neighbors of i;

• s(i, n, o) is the external stimulation value of the node i at iteration n for an initial stimulation at o i.e. 0 if i = o and the chosen initial stimulation if i = o and n = 0.

• a(j, n, o) is the activation from a neighbor node j of i for a propagation origin o at iteration n;

• degree j returns the degree of the node j as in the definition 4;

• w(i, o) is a semantic weighting function which takes into account of the semantic properties of the nodes i and o to guide the propagation. w(i, o) will be detailed below.

Definition 8: Tmax(x) is the set of the deepest types t of a given node x according to their depth(t), as in the definition 5: 

Types(x) = t; (x, rd f : type, t) ∈ KB Tmax(x) = t ∈ Types(x); ∀t i ∈ Types(x); depth(t) ≥ depth(t i );
NT(o) = (t, c) ; t ∈ Tmax(x) ; c =| n ∈ Neighbor(o) ; t ∈ Tmax(n) |
Definition 10: The class propagation domain CPD(o) is the set of types through which the propagation spreads. To be precise, the propagation spreads through the nodes which have at least one type present in CPD(o). These classes are selected among the neighbors' classes of the initially stimulated node o. The idea behind CPD(o) is that the most informative types regarding a topic must be present in its direct neighborhood. A threshold-based filtering operation can be applied to exclude the less prevalent types present in CPD(o). This threshold can also be used to restrain the propagation domain size for performance purpose. This filtering operation aims to apply spreading activation only to an informative graph subset.

CPD(o) = t; (t, c) ∈ NT(o); c ∑ (n i ,c i )∈NT(o) c i ≥ threshold Definition 11: commontriple(i, o
) is a similarity measure that aims to improve the algorithm relevance by favoring activation of nodes i having similar properties with the origin o. It is a triple based comparison: the more a node is a subject of triples that share a property p and an object v with triples involving the origin node o as a subject, the more it will receive activation: 

commontriple(i, o) = (i, p, v) ∈ KB; ∃(o, p, v) ∈ KB;
w(i, o) = 0 i f ∄ t ∈ Types(i); t ∈ CPD(o) 1 + |commontriple(i, o)| otherwise

Illustrative example

The illustrative example presented below aims to ease the understanding of the formula. It is freely inspired from DBpedia, the linked dataset that was effectively used for the implementation. Several important steps are illustrated below:

• The first step is to assign the stimulation to the node representing the topic of interest of the exploratory searcher, see Figure 5.2.

• Then the class domain propagation identification starts. The neighbors' deepest types are identified using the rdfs:subClassOf properties of the schema, see Figure 5.3.

• In a second time the less prevalent types are excluded from the class propagation domain using a threshold e.g. 0.2, see Figure 5.4.

• Once the class propagation domain is identified the first spreading activation pulse is executed. Only the nodes belonging to the class propagation domain are eligible to activation. The commontriples similarity measure, abbreviated ctples on the illustration, is computed. In this illustration a fictive property sim_property is used for this purpose. The similarity measure is a factor of guidance for the propagation, see Figure 5.5.

• Then the second pulse is executed, all the nodes having a positive activation value propagate this value to their neighbors. The illustration on Figure 5.6 shows notably the facts that the similarity measure is always computed regarding the origin of activation. In a lot of spreading activation implementation the semantic weighting function consider the nodes that spread and receive the activation, and not the origin.

• 

Polycentric semantic spreading activation function

The linked nature of the LOD graphs offers a powerful support to enable explorations having the following form knowing the user interest for X, Y and Z what can he discover/learn which is related to all these resources? We call these queries composite interest queries: they combine several unitary interests in order to explore a connected result space that is at their crossroad. Even more the linked datasets offer a valuable ground to solve such queries starting from heterogeneous inputs, having diverse types and/or belonging to various domains. For instance a user might be interested by making discoveries related to both The Beatles and the movie director Ken Loach 5 . At an algorithmic level such information needs are solved by polycentric spreading activation where the unitary resources of interest constitute the set of initial stimulations. The execution of the monocentric algorithm in the context of the LOD is detail in the chapter 6, section 6.4, page 152

Formalization

The result of a polycentric query is the product-intersection of several monocentric propagations results (definition 7). Consequently, to be activated at a polycentric level a node has to be reached by the propagations starting from all the origins. The level of activation of a node is divided by the logarithmic function of its degree, this point is explained below:

Definition 13: (Semantic Spreading Activation algorithm, polycentric query)

a poly (i, n) = ∏ o∈O [a(i, n, o)]/log(degree i )
where:

• O is the set of nodes initially stimulated;

• a poly (i, n) is the polycentric value of the node i: the product of the activation values of i regarding the various propagations spreading at the iteration n, differentiated by their origin o. The product is used instead of the sum in order to avoid a potential disequilibrium provoked by the differences in the monocentric activations distributions. Indeed, the initial amount of activation passed to the neighbors is divided by the origin degree. Thus the amount of activation per node can be very different regarding the degree of the propagation origin. The division by log(degree i ) aims to minimize the importance of the highly connected nodes that can be present in the monocentric propagations intersections but not very informative;

• a(i, n, o) is the activation value of the node i at iteration n for a spreading activation taking its origin at o, as in the definition 7. 

CPD(O) = t; (t, c) ∈ NT(O); c ∑ (n i ,c i )∈NT(O) c i ≥ threshold
During polycentric queries w(i, o) is modified as follows in order to favor the identification of polycentric results using CPD(O):

w(i, o) = 0 i f ∄ t ∈ Types(i); t ∈ CPD(O) 1 + |commontriple(i, o)| otherwise

Illustrative example

The graph on Figure 5.8 illustrates the fact that some LOD datasets are crossdomain and very heterogeneous. They connect a high variety of resources in a very dense structure and can support a wide range of composite queries. For instance a user might be interested in exploring the artistic scene and cross-influences existing between the film director Ken Loach and the band The Beatles. He might also be interested in the relations between Ken Loach and Margaret Thatcher, as the Ken Loach movies are politically engaged and depicts social and political contexts through personal stories; he is "known for his naturalistic, social realist directing style and for his socialism, which are evident in his film treatment of social issues"6 . We will use these two examples of composite queries to illustrate the algorithm behavior in case of polycentric queries.

• The figure 5.9 illustrate the shared class propagation domain computation for polycentric queries. When the resource Ken Loach is combined with The Beatles the artistic facet they share is captured by the CPD(O). When it is combined with Margaret Thatcher the politics aspects take precedence over the artistic ones. Note that the real queries CPD(O) for an implementation on DBpedia are presented in the discussion section of this chapter.

• It is observable on Figure 5.10 and 5.11 that the shared class propagation domain guides the propagation in part of the graphs that are relevant regarding the unitary interest. On Figure 5.10 the node Looking for Eric is included in the class propagation domain but is distant from Margaret Thatcher. It will not receive a sufficient amount of activation to be part of the top results. This specific case illustrates the interest of using a product rather than a sum: the nodes that are close to only one origin have a low or null amount of activation at polycentric level.

• Then the spreading activation pulses are performed. To be precise, two independent propagations spread over the graph, distinguished by their origins.

The nodes that are activated by the two propagations constitute the polycentric results, see Figure 5 

Advanced querying functions

A limit of existing algorithm-based linked-data exploration systems identified in chapter 4 is they often offer only one exploration perspective i.e. the users can not or hardly influence the query results in a direction of interest. In this thesis we support the idea that a plurality of relevant exploration perspectives on a topic can be offered to the users. Indeed, the objects described in linked datasets can be rich, complex and approached in many manners. For example, the users can be interested in a painter in many ways: works, epoch, movement, entourage, social or political contexts and more. The users may also be interested by basic information or by unexpected ones depending on their actual knowledge about the painter. To sum up a single interest can be explored through many perspectives corresponding to different knowledge nuances. In the graph context of linked data these perspectives correspond to different non-exclusive sets of objects and relations that are informative on a topic regarding specific facets of interest. The two algorithm variants presented below aim to unveil hardly identifiable knowledge nuances and to expose information that can be hidden by the basic algorithm:

• The criteria of interest specification variant (definition 15 below).

• The controlled randomness injection variant (definition 16 below).

Formalization

Criteria of interest specification The criteria of interest specification variant aims to unveil results that are related to topic facets of interest. For instance a user might be interested discovering the French non-impressionist painters related to Claude Monet. He might want later to discover the non-French painters that were impressionist and related to Monet. To solve these information needs the similarity function is modified to only process targeted triples' patterns (set of properties and objects), and to allow to associate them a positive or negative weight. To reuse the previous example the triples that capture the fact that a painter is impressionist can receive a negative weight whereas the triples specifying that a painter is French receive a positive weight. In this case the similarity with French and/or non-impressionist painters will be higher. In other words such painters will be more activated. This algorithm variant aims to drive the propagation and some specific parts of the graph.

Definition 15: (semantic spreading activation, criteria of interest specification variant)

a criteria (i, n + 1, o, C) = s(i, n, o) + w crits (i, o, c) * ∑ j a(j,n,o) degree j
where:

• C is a multiset containing the criteria of interest c and their assigned values v e.g. French with value 1 and Impressionist with value -1:

C = (c, v)
with:

w criteria (i, o, c) = 0 i f t ∈ Types(i) ; t ∈ CPD(o) 1 + ∑ c∈C commontriple criteria (i, o, C) |otherwise
with:

• commontriple criteria (i, o, C) = v * commontriple(i, o, c) with (c, v) ∈ C.
• commontriple(i, o, c) = (i, p, c) ∈ KB; ∃(o, p, c) ∈ KB; p ∈ P .

• P is the set of properties used to compute the similarity, chosen by the developer.

Controlled randomness

It is possible to inject randomness into the activation value computation in order to modify the ranking scheme and expose unexpected results. We voluntarily change the algorithm behavior that is originally designed to retrieve the results that are the most relevant possible, in other words the most obvious. This operation is particularly interesting for the experts that want to retrieve unusual information in order to deepen their peripheral knowledge on a topic. Moreover: "for exploratory searches, there is novel value in encountering pages not frequently visited by other users of the system. These pages may contain information that yields unique insights or competitive advantage" [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF].

To avoid to confront quickly the user with too surprising results the randomized version of the algorithm is different if the chosen level of randomness is inferior and equal or superior to 0.5 (with a minimum randomness value at 0, and a maximum at 1). If the value is inferior or equal to 0.5 the results are randomized only at the last iteration. In other word the spreading activation occurs normally till the last iteration. If the desired randomness level is superior to 0.5 the randomization occurs at each iteration influencing strongly the spreading activation algorithm and consequently the results list. An interest of the randomized variant is that it is divergent and non-deterministic, it produces different results every times:

Discussion

Definition 16: (semantic spreading activation, controlled randomness variant)

a random (i, n, o, r) =        (1 -r) * a(i, n, o) + r * random() i f r > 0.5 a(i, n, o) i f r ≤ 0.5 and n < maxPulse (1 -r) * a(i, n, o) + r * random() otherwise
where:

• r is the level of randomness desired, comprised between 0 and 1;

• random() retrieves a random value between 0 and 1;

• maxPulse is the maximum number of spreading activation iterations, the choice of this stop condition is discussed in the sub-subsection 6.3.2.2 on page 147.

Illustrative examples

The figure 5.13 illustrates the criteria of interest specification variant. The association of positive, null and negative weights on the Claude Monet properties-values (e.g. Artist from Paris, French painters) modifies the level of similarity of the activated nodes. Consequently different parts of the graph are explored regarding the assigned values. The ranking and the composition of the results are impacted. The figure 5.14 illustrates the behavior of the randomized variant with a level of randomness comprised between 0 and 0.5. In this case the randomization is applied as a post-processing operation. Each resource activation value is multiplied by a randomized value between 0 and 1, in other words the basis results list is re-ranked. Resources can enter and get out of the top results list.

When the level of randomness is superior to 0.5 the activation values are randomized at the proportion of the threshold at each iteration, see Figure 5.15. It results in a strong modification of the results composition and ranking as the propagation follows unusual paths.

Discussion

It is important to stress that the absence of solid exploratory search golden truth prevents the comparison of a vast amount of algorithm configurations. As the human perception is critical during exploratory search we validated our formulas thanks to in-depth user evaluations (see chapter 8). These algorithms were shaped after several rounds of empirical observations and according to the findings in the existing literature. The most critical algorithmic design choices are explained hereafter. The initial idea was to use the semantic similarity function offered by 7 inference engine for the semantic weighting function. This function is formally described in [START_REF] Corby | Querying the semantic web with corese search engine[END_REF]. It computes the semantic similarity between two classes using the ontological schema subsumption links. The idea behind this measure is explained below:

Starting from the fact that in an ontology, low level classes are semantically closer than top level classes (for instance TechnicalReport and ResearchReport which are brothers at depth 10 are closer than Event and Entity which are brothers at depth 1), we want the ontological distance between types to decrease with depth: the deeper the closer. [START_REF] Corby | Ontologybased approximate query processing for searching the semantic web with corese[END_REF] Several problems arose when this similarity measure was implemented as the spreading activation weighting function. They are listed below:

• The schema of the linked data sources actually available are generally simple and have a low depth. It limits the efficiency of such purely schema-based similarity measure.

• This similarity measure can only be applied on instances that have at least one class specified. This is not always the case in the LOD context where many datasets have untyped instances, e.g. in DBpedia.

• This semantic measure operates at the schema level and is not instance dependent. Some instances can share the same type but be actually very different. This point is critical and constituted the main motivation to develop the class-propagation domain filtering functionality. It is extensively discussed below.

The results obtained with the Kgram semantic similarity measure led to the following important observations. Schema-level knowledge should be used to guide the propagation and structure the results space. To do so an identification of informative types regarding the explored topic have to be performed. A pure class-similarity metric is not satisfying because it masks numerous aspects. A relatedness measure is more adapted i.e. it is obvious that paintings and museums are relevant regarding painters nevertheless the relation between them can not be captured by a semantic similarity. Painters are related to museums, not similar to them. Later during the thesis the use of the encyclopedic knowledge patterns (EKP), implemented by Aemoo, was considered. The EKPs capture such relatedness between classes. Nevertheless, like the Kgram similarity measure, it is class-dependent. It means that first it can not be used for untyped resources. Second all the instances of a class share the same EKP when they can be significantly different.

Thus we designed a specific semantic weighting function where the identification of informative types is performed at instances level and specific to the query (CPD(o)). It is based on the idea that informative types about a resource should be present in its direct neighborhood. Comparisons between the Kgram semantic similarity function, the EKP and the DBpedia class-propagation domain for the Claude Monet and Eugène Delacroix resources are shown in the table 5.1. It is observable in this table that the two CPDs overlap regarding artistic aspects (Artist, Museum classes) but also contain types that are specific to each painters. Such nuances are impossible to identify with the Kgram similarity function nor the Artist EKP:

• The types River and Plant are specific to Claude Monet who was particularly inspired by the nature, notably in the famous Nymphéas (water lilies) series 8 . The type Disease can appear morbid in the first place but captures a very interesting facet of Monet. The painter was suffering from the cataract disease. The progression of the disease had an important impact over its artworks: "the paintings done while the cataracts affected his vision have a general reddish tone, which is characteristic of the vision of cataract victims"9 .

• The types MilitaryConflict and PrimeMinister are specific to Eugène Delacroix who was politically engaged in favor of Napoleon and who painted important historical events. These works include "la Liberté guidant le peuple" (Liberty leading the people) which became an iconic representation of the French Revolution. This artwork was used by the band Coldplay10 for the cover of their album Viva la vida or Death and All His Friends. It also inspired one French singer video clip 11 . Others music albums used Delacroix artworks for their covers 12 13 . The fact that the painter was an inspiration for musical artists explains the presence of the Single and Album types. The presence of the type Planet is curious and related to the 10310 Delacroix asteroid 14 , named after the painter. Another example that particularly shows the interest of an instance-based informative classes identification is given in the table 5.2. In DBpedia both the civil and military aircrafts share the type Aircraft. The table hereafter presents the DBpedia class propagation domains of the Boeing 747 and B17. They are respectively the first civil and military Aircraft resources by decreasing degree order in DBpedia. It is observable in this table that the civilian (Airline) and military (MilitaryConflict, Person, Unit, Ship) contexts of each plane are well-identified. MilitaryUnit is also present in the 747 CPD as a military version of the plane was proposed.

As mentioned before the fact the class propagation domain is instance-based also enables the identification of a shared context in the case of composite queries. To illustrate this point we reuse the composite query examples implying Ken Loach. It is observable below that the shared class propagation domains identify music-related types for a query combining Ken Loach and The Beatles (Music-Genre, RadioStation, Song). It identifies types related to politics for a query combining Ken Loach and Margaret Thatcher (Election, MemberOfParliament, MilitaryConflict, OfficeHolder, PoliticalParty, Politician, President).

Later we re-introduced a similarity measure, with the idea that results that are similar to the topic explored are interesting to the exploratory searchers. Exposing similar results might notably reinforce their confidence in the system. The measure It is also very cheap to compute. It is in line with the important concerns about the implementation computational costs. This last point will be developed in the next chapter.

Conclusion

In this chapter we presented the spreading activation algorithm, it origins, basic formula and its applications for information retrieval including various forms of semantic search. We detailed the formalizations for monocentric, polycentric queries as well as the criteria of interest and randomized variants. The objective of proposing several algorithms is to offer a battery of possible queries allowing to deeply explore a topic, from several angles. We illustrated such formalizations with examples inspired from DBpedia in order to ease their understanding. Finally we discussed the main algorithm design choices we made. In the following chapter we present the implementation we built on top of DBpedia.

CHAPTER 6

Remote semantic spreading activation by incrementally importing distant triples 

Introduction

In this chapter we characterize and provide the design rationale of all the algorithms previously formalized: the monocentric, polycentric queries as well as the criteria of interest specification and controlled randomness injection variants. Such implementations solve the problem of allowing multi-perspective explorations on topics. It notably unveils hardly identifiable knowledge nuances using rich but complex data sources. This chapter particularly addresses the question of how to flexibly process the LOD 1 . It is more specifically focused on how to leverage its distributed aspect and how to control the algorithm response-time while preserving the quality of its results.

In order to overtake the state-of-the-art algorithm-based approaches and their lack of flexibility we made two important design choices. First the results are not pre-stored; they are computed at query-time. Second the data used for the computation are distant and consumed remotely from online SPARQL endpoints. This software architecture meets our requirement of flexibility in terms of data exploration. Indeed if the results are computed at query-time it allows the user to influence important algorithms parameters e.g. specifying his criteria of interest and/or declare a desired level of randomness/unexpectedness. Moreover the LOD is distributed by nature. As more and more linked data sources are available on the web it is interesting to address them remotely for (exploratory) search.

DBpedia, or more precisely the DBpedia chapters, were chosen for the implementation. DBpedia is a cross-domain knowledge source. Its coverage in terms of topics makes it ideal to build a generic exploratory search engine. It can support a wide range of information needs, including ones which necessitate a cross-domain computation e.g. heterogeneous composite queries. We also wanted to leverage the DBpedia internationalization process outcomes. Indeed DBpedia local chapters exist now in 15 languages2 e.g. the French3 , German4 , Italian 5 and Spanish6 ones. They follow the LOD principles and constitute together a distributed knowledge base. Each one has its own web domain, data graph and SPARQL endpoint. Equivalences between them are specified using the owl:sameAs property. We consequently target a subset of the LOD instead of a single dataset. A specific interest of the DBpedia chapters is that the knowledge they contain overlap to a certain extent. For instance Claude Monet is described in all the DBpedia chapters. But the local descriptions often reflect cultural elements that are related to a language or a country. The DBpedia chapters act as cultural prisms through which the topics are described.

In order to reach our double objective of computing the results at query-time from distant data we couple the algorithm to an incremental import technique. Along the spreading activation iterations the code replicates a sub-graph from a targeted SPARQL endpoint in a local triple-store. This approach is extensively discussed in this chapter for both the monocentric and the polycentric queries. The
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main idea is that the neighbors of the most activated nodes are imported at each iteration, until a limit is reached. The spreading activation can reach more nodes of interest by following relevant paths of propagation, but its expansion over the graph is highly controlled.

This approach offers the flexibility we want for the SPARQL endpoint selection and for the choice of the computation parameters. Nevertheless it brings also major research questions regarding the triangular trade-off it introduces between the size of the sub-graph imported, the algorithm cost of execution and the quality of the results. In this chapter we focus on the relation between the size of the import and the cost of execution which are crucial to demonstrate the feasibility of the approach, independently of the quality of the results. We present the extensive analysis we performed to understand the algorithm implementation behavior on DBpedia. The choice of its important computation parameters, particularly the import size and the number of iterations, are discussed. The quality of the results is out of the scope of this chapter and will be addressed by users' experimentations in chapter 8.

In this chapter we will review (6a) the implementation requirements, the chosen software architecture and settings as well as the datasets used, (6b) the monocentric queries implementation and their calibration, (6c) the polycentric queries implementation and their calibration, (6d) the advanced queries implementation, (6e) the analysis performed to discuss the applicability of the algorithms outside of the DBpedia context. The implementation and corresponding analyses of the monocentric, polycentric and advanced querying variants were respectively published in [START_REF] Marie | Discovery hub: on-the-fly linked data exploratory search[END_REF], [START_REF] Marie | Composite interests' exploration thanks to on-the-fly linked data spreading activation[END_REF] and [START_REF] Marie | Exploratory search on topics through different perspectives with dbpedia[END_REF].

Algorithmic and architectural design

This subsection details first the implementation requirements. Second, it describes the software architecture and focuses more precisely on the coupling between the spreading activation execution and the sub-graph importation. Third several settings that did not require an analysis are presented. Fourth the choice of the DBpedia dataset(s) as the knowledge source is motivated and some of its important characteristics are presented.

Requirements

The introduction mentioned the 2 main requirements for the framework implementation: its capability to process distant data as well as to compute the results at query-time. The main motivations behind these requirements are detailed below:

The framework has to process remote linked data. Being able to leverage the distributed aspect of the LOD offers several decisive advantages regarding the query processing. It is also consistent with the changing nature of the LOD and its potentially infinite size: distant triples • It offers the possibility to target the most descriptive linked dataset regarding a query and even merge them. In the context of DBpedia, the local chapter offering the most precise description for a topic can be used. It can be done by comparing the resources' degrees in the different chapters for instance.

• Linked datasets can be voluntarily selected to produce a specific result. As mentioned before the DBpedia local chapters can be used as cultural prisms.

Exploring Monet in the German DBpedia chapter is more likely to unveil its connections with German artists and museums. Moreover some LOD datasets are highly specialized and can be used for solving precise information needs e.g. Drugbank7 for pharmaceutical exploratory search.

• It allows to target several data sources at a time in order to solve complex information needs. For instance it can be used to offer a more complete view on a topic, or to fill a knowledge gap in a dataset with triples coming from another one.

• It allows to use data from commercial providers that offers API accesses rather than complete dumps 8 . The increasing success of commercial data providers in the close future seems more and more probable according to recent researches [START_REF] Zollinger | Market-based sparql brokerage: Towards economic incentives for linked data growth[END_REF]. Yahoo revealed they partially built their Knowledge Graph using data from payed providers [START_REF] Blanco | Entity recommendations in web search[END_REF].

The framework has to compute the results at query-time: being able to compute the results on-demand allows to reach a new level of flexibility in terms of data processing. It opens the door to new exploratory search use-cases:

• As we do not target a specific domain it is difficult to compute and store all the queries' results such as the polycentric combinations or all the possible criteria of interest specification choices. If we consider the fact that several SPARQL endpoints can be queried such pre-computation appears impossible. It has a CPU and storage costs that makes it unfeasible, an approach computing the results on-demand appears more pragmatic.

• The linked datasets compositions are constantly changing due to updates.

One illustration of such dynamics is the live version of DBpedia 9 . This initiative captures in RDF the changes that continuously occur in Wikipedia. It provides triples change-sets to keep a DBpedia implementation up-to-date 10 . Indeed the main DBpedia extraction is performed periodically and its content and coverage of certain topics can be rapidly outdated. Several usecases of exploratory search necessitate data freshness, such as journalism for instance.

• The knowledge graphs are not the only possible context of application for the proposed algorithms. Social networks, where heterogeneous data change in

Algorithmic and architectural design

real-time, is another realistic use-case that justifies the need for query-time processing.

To meet our requirements we need to elaborate a lightweight and flexible data processing implementation. Such approach will be in line with the semantic web vision where the data distribution is a key aspect. However it raises significant challenges in terms of control of the computational cost. The absence of precomputation requires to process a limited amount of data. Indeed the application of the algorithm on a large graph would lead to prohibitive response-times. Nonetheless the sub-graph imported at each query should be small. First a consequent proportion of the online SPARQL endpoints limits the amount of triples retrievable using result-size thresholds: 44.44 percent of the available endpoints are suspected to enforce a result-size thresholds and 10.000 is the most common result-size threshold 11 . Second the transfer cost should be low in order to avoid a degradation of the response-time. There is an important interweaving between the query-time and remote data requirements.

Software architecture

We present now our solution to meet the requirements. We propose to locate the processing on the graph in order to avoid prohibitive response-times. We shift the implementation problem from the processing of a massive amount of data to the smart selection of a limited sub-graph per query. In other words the algorithm will be applied on a small data subset that is sufficient to solve the information need. However there is always the need to draw meaningful boundaries over linked data graphs to identify a result set. In our case the challenge resides specifically in the fact that the method has to be applicable at query-time and on remote data. For this we rely mainly on two interdependent features:

• The algorithms are designed to leverage the semantics in order to filter (classpropagation domain) and prioritize the data (similarity measure) reached by the propagation. In other words the semantics of the nodes determine the level of activation in the paths followed by the propagation.

• We couple the spreading activation algorithm to an import procedure that replicates at query-time a sub-graph in a local and transient triple store. The neighbors of the most activated nodes' are imported along the iterations until a limit of triples is reached.

To sum up, our approach is to locally apply the algorithm on a replicated subgraph that is expanded in accordance with the activation values. In other words there is a resonance between the spreading activation and the graph imported. The main steps of the processing of query are presented below: distant triples • First a local Kgram12 instance is created. Kgram is a semantic web framework that combines a triple store and a SPARQL endpoint. This instance imports the neighborhood of the node(s) of interest filtered with the class propagation domain. The import is performed thanks to a local query using a service operator.

• As the propagation spreads along the iterations, the neighborhoods of the most activated nodes are imported until a limit of triples is reached.

• The propagation stops after a specified number of iterations. The most activated nodes constitute then the result set. The results are ranked by decreasing order of activation.

The import operation is illustrated on Figure 6.1. This illustration shows the beginning of the third iteration: the neighbors of Gustave Courbet, surrounded by a pink halo, are about to be imported. The neighbors of Alfred Sisley and Édouard Manet were already imported during the second iteration. The nodes' colors symbolize their activation values. Details about the functioning for both the monocentric and polycentric queries are given in the following subsections. 

Dataset

The implementation was built on top of DBpedia. First DBpedia offers the best generic knowledge coverage of the LOD due to its encyclopaedic nature. Second it is cross-domain and captures a very heterogeneous knowledge in a single graph. It is consequently adapted to our objective of solving composite, potentially heterogeneous, interest queries. Third it can support users' experiments as it contains numerous common-knowledge topics such as films or musical bands. Using it also provides an interesting comparison basis since it is extensively used the research community, see chapter 4. Fourth DBpedia is a more and more mature dataset: its semantics quality and its size increase along the versions 13 . Yahoo notably used some DBpedia extraction components to build its knowledge graph [START_REF] Blanco | Entity recommendations in web search[END_REF]. We did not combine several DBpedia chapters because such combination raises processing problems that are out of the scope of this thesis. The major problem is that the semantic and structural differences of the knowledge sources might create a distortion when a connectionist algorithm liked spreading activation is applied. The most connected and semantically described source will probably be over-represented in the results. Sophisticated balancing strategies need to be researched.

The version we use is the 3.7. As we needed to query the SPARQL endpoint million times during our analysis, we set up a local version. We needed to control the quality and the continuity of service. However the version we set up was remotely accessed by the code through service SPARQL queries, similarly to an external and public SPARQL endpoint. The version we set up contains the wikiPageWikilink triples 14 . This property indicates that a hypertext link exists in Wikipedia between 2 pages (resources) but that the semantics of the relation was not captured. It provides an amount of extra-links that are very valuable for connectionist methods such as spreading activation. The choice of the DBpdia 3.7 version was initially motivated by an evaluation presented in chapter 8, see section 8.2 page 204. During this experimentation we compared our algorithm results against the results of a system using the DBpedia 3.7 version. It was not updated it in order to maintain the consistency of the analysis performed all along the thesis.

DBpedia is a very dense and heterogeneous dataset. The appendix A on page 233 presents a set of graph metrics of the DBpedia 3.6 graph 15 , which is close to the 3.7 one. Some characteristics 16 of DBpedia 3.7 are presented hereafter:

• Graph size: 3.64 million resources, 270 million triples.

• Ontology: 320 ontology classes, 750 object properties, 893 datatype properties.

• Typing: 1.83 million of resources (more than 50 percent) are classified in a distant triples consistent ontology, including 416.000 persons, 526.000 places, 106.000 music albums, 60.000 films, 17.500 video games, 169.000 organizations, 183.000 species.

• Average degree of the DBpedia resources17 : 40.

Today 15 DBpedia chapters are accessible online 18 . As already mentioned in chapter 3 their knowledge overlap to a certain extent 19 but they vary significantly in what they describe and how it is described. 5 DBpedia chapters propose more than 100 millions triples: the English, French, German, Italian and Spanish ones. The English-speaking DBpedia chapter is the main dataset we use, it is simply mentioned as DBpedia in this thesis.

Settings

We set up the following variables in order to implement our formulas:

• The propagation spreads in both directions to take into account the incoming and outcoming linked to the neighbors. From a spreading activation point of view the orientation is arbitrary and depends on a modeling choice.

• The threshold filtering the propagation domain is experimentally set to a low value of 0.01. In other words the classes having a prevalence inferior to 1% are excluded from the CPD(o). We do not want to filter too much the class propagation domain in our exploratory search context. As mentioned by [START_REF] Passant | Dbrecâmusic recommendations using dbpedia[END_REF] the indirect links between the resources bring useful knowledge such as elements of context. Nevertheless a very low threshold can exclude uninformative types and lower the processing complexity.

• In DBpedia, the instances are linked to their categories through the dcterms:subject 20 property. We use this property to compute the commontriple(i, o) function i.e. p = dcterms : subject. The categories constitute an orthogonal topic taxonomy which is very informative about the resources. They expose some of their salient aspects. The value of using the DBpedia categories to enhance recommendations was shown in [START_REF] Di Noia | Linked open data to support content-based recommender systems[END_REF]. Moreover 99.42% of the resources have categories associated to them [START_REF] Lam | Using the structure of dbpedia for exploratory search[END_REF]. The main reason of using only the dcterms:subject property to compute commontriple(i, o) is that the similarity has to be very cheap to compute. A large number of similarities have to be computed on run-time during a query. Moreover the framework results combine similarity and relatedness, so element of knowledge that are not taken into account for the similarity computation will be processed by the spreading activation procedure in a structural way.

• 50% of the DBpedia resources is untyped. We can not exclude this half of the dataset. We consider it as a mass of knowledge that has not been typed yet. Consequently in our implementation the untyped nodes are associated to a fictive Miscellaneous type and are processed by the spreading activation. Such Miscellaneous nodes appear in the result set of the Discovery Hub web application.

• Due to the inconsistencies present in the DBpedia data the inference feature of Kgram was deactivated for the automatic deduction of instances types.

Making automatic inferences on DBpedia can lead to wrong results [START_REF] Waitelonis | Whoknows? evaluating linked data heuristics with a quiz that cleans up dbpedia[END_REF] and exposing them to the users might lead to a loss of confidence in the system.

The maximum number of iterations and the size of the sub-graph imported have still to be set and are discussed in the following sections.

Monocentric queries implementation

In the case of monocentric queries the triples importation follows directly the spreading activation logic. The graph is loaded iteratively regarding the nodes activation values, until the limit is reached.

Code and main SPARQL queries

The pseudo-code for a monocentric spreading activation is presented hereafter. The line 2 corresponds to the initialization of the algorithm: the class propagation domain of the node of interest is computed and its neighbors are locally imported. The lines 6 to 14 correspond to the computation of the activation level for each node at each iteration. The lines 16 to 22 correspond to the import process coupled to the spreading activation algorithm. The non-trivial queries used to execute the algorithm are also presented below. The query 6.1 is used to identify and count the occurrences of the types of the query-node neighbors. The line 4 aims to retrieve the outcoming neighbors and their types, the line 6 do the same for the incoming neighbors. We specify that we are only interested in the DBpedia ontology types with a f ilter() clause, line 8. We also discard uninformative resources i.e. resources that are linked to the topic of interest through disambiguation or redirection properties (line 8 and 9). Then the deepest types occurrences are identified by deduction. For instance, suppose that we have Artist, Person and Writer instances. The import is split up in several queries in order to speed up the processing as the SPARQL endpoints have generally the capability to process several queries in parallel. The queries 6.2 and 6.3 are sent to the targeted SPARQL endpoint by the Java code when the local graph is expanded. The example queries 6.2 correspond to the import of the outcoming nodes at the iteration 1 for the query Claude Monet (a similar query is performed to retrieve the incoming ones). The line 5 specifies that we are interested in the outcoming nodes. Again several uninformative properties are discarded (redirection, disambigutation) as propagating the activation through them is not relevant; see the lines 7 to 10. The line 13 and 14 shows that the import of the types neighbors is limited to the ones having at least one type in CPD(o).

Monocentric queries implementation

The line 11 specifies that the untyped neighbors should also be retrieved.

The query 6.3 corresponds to the import of the categories. These categories are used later during the similarity computation. In this example the categories are loaded at the second iteration when the graph is expanded with the neighborhoods of Gustave Caillebotte, Blanche Hoschedé-Monet, Alfred Sisley, Pierre-Auguste Renoir and more. The line 5 to 8 shows the filter condition used to retrieve only the categories associated to Claude Monet. The lines 9 to 14 shows that we retrieve these categories for the outcoming neighbors of the nodes being currently imported (Gustave Caillebotte, etc.). We do the same for the incoming ones in another bloc, see lines [START_REF] Berthold | Pure spreading activation is pointless[END_REF] 

Algorithm behavior analysis

The maximum number of iterations and the limit of triples processed per query are two critical settings for the implementation. They are major variables influencing the tradeoff between the quality of the results and the computational cost. We needed to deeply understand the algorithm behavior in order to set them. We enumerate below several hypothesis we wanted to verify as well as the analyses we performed for this purpose.

• Hypothesis 1: Convergence. The algorithm converges quickly, in few iterations.

• Hypothesis 2: Import size: Running the algorithm over a carefully selected amount of triples constitutes a sufficient approximation.

• Hypothesis 3: Distance. The algorithm retrieves distant nodes in the top results i.e. nodes that are not part of the query-node direct neighborhood.

We do not have a golden truth at this point. Thus we consider that the best results possible are the stable ones, after the algorithm converged, and with the largest import. The chapter 8 is dedicated to the perceived relevance of the results by the users. The current chapter focuses on how to implement the algorithm with the best trade-off between the response-time and the results alteration.

Method and hypotheses

In order to reduce the cost of the analyses we performed them on a subset of 100.000 queries. To select such query-resources we referred to the sampling methods aiming to select a representative subgraph. According to [START_REF] Leskovec | Sampling from large graphs[END_REF] the best sampling method to preserve large graph properties is a random walk. We followed this recommendation and computed a 100.000 resources DBpedia sample using this method. Both the random walker code and the sample itself are accessible online 21 .

To compare the result lists we obtained with various configurations we notably used the Kendall's Tau τ b rank correlation coefficient [START_REF] Kendall | Rank correlation methods (london: Charles griffin[END_REF]. τ b is a measure reflecting the concordance of two ranked lists where -1 corresponds to a total discordance and 1 corresponds to a total concordance of the ranks. The τ b formalization is presented in the appendix B on page 235.

Our hardware configuration for all the analyses presented in this chapter was:

• Application server: 8 proc Intel Xeon CPU E5540 @2.53GHz 48 Go RAM

• SPARQL endpoint: 2 cores Intel Xeon CPU X7550 @2.00GHz 16Go RAM

Convergence

We chose to use a maximum number of iterations as the stop condition. It has the advantage of limiting the response-time relatively uniformly for all the queries. In order to determine the best number of iterations in our context we observed the algorithm convergence. We performed an analysis using the 100.000 queries. First we counted the number of top 100 shared results between the n -1 and n iterations. Then we computed the τ b coefficient on these shared results in order to have an indication on the ranking convergence. We studied the first hundred iterations. The triples loading limit is not studied yet and is experimentally set to 10.000 for this first analysis. The value of 10.000 corresponds to the most common limit of retrievable triples used by the online SPARQL endpoints 22 .

For clarity purpose the figures 6.2 and 6.3 show only the first twenty iterations. Indeed we observe that the top results are quickly converging: after 16 iterations distant triples the percentage of average top 100 shared results exceeds 99% (figure 6.2) and the average τ b is also superior to 0.99. It is clear that the results change very slowly after few iterations. In others words it becomes very expensive to continue the processing after few iterations considering the very slow evolution of the results. The algorithm converges quickly, thus the hypothesis 1 is verified. We decided to set the maximum number of iterations to 6 because the curves are very flat after 6. The relation between the convergence and the linked dataset metrics is discussed in the section 6.6 of this chapter. 

Import size

In order to control the size of the sub-graph processed and by extension the response-time we introduced a maximum limit of triples imported per query. Indeed as the DBpedia network is dense a very high amount of nodes can be activated in few iterations, even with the CPD(o) filtering operation.

This limit is the second parameter that required extensive analysis. Indeed, processing a sub-graph only can be considered as an approximation. We need to observe if the results are not too much altered regarding the amount of triples processed. We used again the 100.000 analysis queries. Each query was executed ten times with triples import limits ranging from 2000 to 20.000 triples, with a step of 2000. The maximum is set to 20.000 because the transfer cost and the data provider restrictions make it impossible the consumption of large amount of remote data. Nonetheless, as mentioned previously the interest of the method is to consume a small amount of data on demand. Thus the objective of the upcoming analysis is to determine the smallest size tolerable for the import. The figure 6.4 shows first that the algorithm response-time is linear with regard to the triples loading limit.

The figure 6.5 shows the amount of shared top 100 results, at the end of the 6 iterations, from a loading limit to another (2000 by 2000). The figure 6.6 shows the corresponding τ b . It is observable that for the imports superior to 6000 triples the changes are very small. Knowing that the response-time is linear it is very expensive to augment the size of the import after 6000 considering the minor results changes it brings. In other words, an import 6000 triples gives a good trade-off between performance and results alteration. The hypothesis 2 is validated. The figure 6.7 shows the distribution of the triples importation over the iterations with a limit of 6000. It is observable that without this limit the amount distant triples 

Distance

One interest of the traversal algorithms is that they are able to retrieve distant results i.e. nodes that are not direct neighbors of the query-node. In other words the algorithm is able to expose relations that do not exist as direct links in the original graph. The figure 6.8 shows the distance (shorted path) of the top 10 and top 100 results with the query-node. It also shows the average maximum distance in the top 100 results. As these analyses were done later during the thesis, they were also executed on the French and Italian SPARQL endpoints for comparison purpose. For the English-speaking chapter it is observable that indirect neighbors are present in the top 10 and in the top 100 results (average distance superior to 1) and that the maximum distance is over 2. This last point means that it is not unusual to retrieve 3-hop nodes in the results. Thus the hypothesis 3 is verified. The scores are even higher for the French and the Italian endpoints. They are less dense than the English-one, thus the spreading activation is more likely to reach distant nodes.

Performance

The figure 6.9 shows the distribution of the 100.000 queries ordered by their response-time. The parameters previously discussed were used during the analysis i.e. the maximum number of iterations set to 6 and the triples loading limit set to 6000. It is observable that these parameters limit the response-time relatively uniformly. The nodes on the left are very connected ones e.g. countries. The response-time is 2.3 seconds on average. distant triples Figure 6.8: Average result distances: top 10, top 100, maximum in top 100 Figure 6.9: Distribution of the monocentric queries ordered by their response-time, with the triples loading limit at 6000 and the maximum number of iterations at 6

Polycentric queries implementation

Identifying and exploring the linked data knowledge at the crossroad of several topics is very difficult and requires a solid support for the users. An efficient implementation of the polycentric queries is important in the context of exploratory search where they can help unveil hidden relations between several topics of interest. There is a specific difficulty when implementing such queries in the context of large and dense graphs of the LOD. Indeed, in the case of monocentric queries the propagation spreads around a single node. On the contrary in the case of polycentric queries, there is a need to drive several unitary propagations in a shared zone that is at the cross-road of the stimulated nodes. It would be very computationally expensive to use the monocentric sub-graph import approach from all the stimulated nodes and to wait for an eventual overlap of the propagations to hap-

Polycentric queries implementation

pen. Instead of that we rely on the identification of paths between the stimulated nodes.

Code and main SPARQL queries

First the shared propagation domain is computed, as formalized in chapter 5. Then we figure if the stimulated nodes are direct neighbors. If it is the case their neighborhoods are loaded and the propagation starts. If it not the case a two-arc nonoriented SPARQL path query is sent to the endpoint in order to identify one or several paths between them. We use the Kgram path() function 23 for this purpose, see the query 6.4 below. The Kgram path() function is not standard. It allows to easily declare sequences of properties thanks to proprietary commands 24 . In case the unoriented query does not produce any result or if the SPARQL endpoint refuses it because it is too complex we search oriented paths between the seeds in one direction, then in the other one. We do it for a length of 3 or 4 if necessary. If at this point we are still unable to find a path between the stimulated nodes the query fails. However in this case the nodes are very distant and the results retrieved would be probably poorly relevant and very expensive to produce. Searching for oriented paths is not consistent with the spreading activation algorithm that spreads in both directions. However it is a useful approximation for the queries combining distant nodes because it lowers the complexity of the query and allows retrieving paths that are not identifiable with unoriented querying. The query 6.4 is an example of unoriented path query using the Kgram path function, see the lines 4 to 10. The circumflex symbol means that the path is undirected and the kg:path kg:expand 2 command on line 14 means that the paths we want to retrieve as a maximum lenght of 2. As it can be observed on the query 6.4 that only the wikiPageWikiLink properties, which are the most prevalent in our DBpedia implementation, are used for this path identification. The wikiPageWik-iLink properties capture a very high number of connections between the DBpedia resources. Moreover when two nodes are linked by a semantically-defined property (e.g. http://dbpedia.org/ontology/memberOf ) the relation is often mentioned in the Wikipedia plain text. Consequently a corresponding wikiPageWikiLink triple is also generated. Thus, restraining the path queries to these properties leads to no knowledge loss in our context. The nodes' neighborhoods that are found after the path identification procedure are then loaded in the local Kgram instance by increasing degree order. We assume that nodes having a lower degree are more informative about the connections between the stimulated nodes. To maximize the chance of retrieving results the pivot nodes identified by the SPARQL path queries distant triples are eligible for activation even if they do not have a type present in CPD(O). 

Data: O = o 1 , o 2 , ...o n ; o n ∈ KB, maxPulse ∈ N, limitImport ∈ N Result: polyActivationHashMap(i,

Polycentric queries implementation

It should be mentioned that for the polycentric queries combining more than 2 resources the paths for all the pairs should be identified. It is computationally expensive. This is the reason why the Discovery Hub application only allows polycentric queries combining 4 nodes at the maximum.

Once the paths are imported several unitary propagations starts from each stimulated node. At each iteration a polycentric activation value for each node is computed according to the definition 13 of the chapter 5. At each iteration, if the import limit is not reached the most activated (at a polycentric level) nodes neighborhood are imported in order to pursue the propagation in relevant parts of the graph. The import triples limit is multiplied by the number of nodes originally stimulated e.g. 12.000 for a composite query combining 2 resources.

The pseudo-code of the polycentric queries is presented here-after. The lines 2 to 6 correspond to the initialization phase. First the shared class propagation domain is computed. Then the paths between the nodes of interest are identified thanks to the SPARQL queries previously mentioned. The nodes composing these paths (and their neighbors are locally imported). The lines 8 to 20 show the activation values computation for each of monocentric propagations. The lines 21 to 30 correspond to the computation of the activation values at a polycentric level. The lines 32 to 38 show the triples importation process coupled to the polycentric activation values. 

Algorithm behavior analysis 6.4.2.1 Method and hypothesis

Like for monocentric queries we need to study the convergence and the responsetime of the polycentic algorithm. Several questions that are specific to this form of querying also emerge. We formulated the following hypotheses: distant triples • Hypothesis 4: path identification. It is possible to find paths for a majority of instance combinations.

• Hypothesis 5: convergence. The algorithm converges quickly i.e. in few iterations.

• Hypothesis 6: response-time. The limit of triples imported helps to control the response-time.

• Hypothesis 7: result set specificity. The results are specific to the polycentric queries; they are at the crossroad of resources of interest.

• Hypothesis 8: results' distances. The results are equally distant from the query-resources.

The hypothesis 4 was verified thanks to a set of polycentric queries generated from the Discovery Hub users' Facebook likes. In order to verify the hypotheses 5, 6, 7 and 8 we reused the 100.000 nodes obtained from a DBpedia sampling. For each of them we selected randomly 2 nodes in the 2 arc-max neighborhood thanks to a random walker. We then processed 3 queries: one with the sample node only (monocentric) and two polycentric queries by combining it with each of its randomly selected neighbors. We selected 2 nodes in the 2 arc-neighborhood because DBpedia is very dense. Therefore the probability that nodes composing a composite query are close in terms of shortest path is high. This point is confirmed by the analysis presented hereafter.

Path identification

We relied on the users' Facebook likes imported in Discovery Hub to verify hypothesis 4. For each user having its likes imported in the web application we created all the possible combinations of 2 resources i.e. all the possible bi-centric queries corresponding to two of their likes which led to a set of 700 realistic queries. The likes were matched thanks to SPARQL queries that aimed to find a correspondence between their labels and a DBpedia resource one. Then the matches were manually checked. At the end approximately 60% of the likes were successfully matched to DBpedia resources. The objective was to simulate real potential composite interest queries. For each combination (e.g. Simon Garfunkel and Aldous Huxley) we stored the type of query that successfully retrieved a path i.e. unoriented at distance 1, 2 or oriented at distance 3, 4. The table 6.1 below presents the proportion of paths that were found regarding the type of queries. It also shows the average complete algorithm response-time for each type of queries. It is observable that 94.72% of the paths identifications were successful. The majority of the them was found using the 2-arc unoriented query (84.13%). As mentioned before the DBpedia graph is very dense and the shortest path between the query-nodes is often short. Nevertheless the oriented queries helped to find paths for approximately 10% of the combinations but at the cost of a very high response-time. 5.28% of the paths identification failed. It corresponds to cases where the composite query
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seeds are very distant. It is very expensive to identify a path between them and it results in SPARQL endpoint timeouts. If we refer to this analysis we can affirm that the hypothesis 4 is verified as 94.72% of the paths identifications were successful.

Query

Convergence analysis

As the activation level of a polycentric query is the product intersection of the monocentric queries propagation (attenuated by the nodes' degree) the convergence should be similar to the monocentric ones. We verified it by comparing the amount of top 100 shared results and the corresponding τ b from one iteration to another for the 200.000 composite queries. The results are presented on the figures 6.10 and 6.11. We observe that, on average, the result lists are very stable after 6 iterations, both in terms of composition and ranking. It is not a surprise as it has been shown previously that the mono-centric queries were converging around 6 iterations also. The hypothesis 5 is verified. distant triples Figure 6.11: Average τ b between the top 100 shared results at iterations n -1 and n, polycentric queries

Response-time

Distribution of the polycentric queries ordered by their response-time, shown on the figure 6.12, shows that a majority of queries are processed in few seconds. To be precise the polycentric queries are processed in 4.2 seconds on average. Thus the hypothesis 6 is validated. Overall the response-time of the polycentric queries is superior to the monocentric ones due to the path identification cost and the larger sub-graph imported. Figure 6.12: Distribution of the polycentric queries ordered by their response-time The figure 6.13 shows the average amount of triples loaded at each iteration. Contrary to the monocentric queries it is visible that a large amount of triples is loaded at the first iteration. It corresponds to the import of the initial sub-graph which is constituted of the paths between the nodes, and of the neighbors of the nodes that constitute the paths. The 12000 (instead of 6000) triples loading limit is also visible on the figure.
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Figure 6.13: Average amount of triples imported at each iteration, polycentric query

Results specificity

We wanted to observe if the polycentric results were specific to the inputs combination. For this we compared the results obtained for the 100.000 DBpedia sample monocentric queries and the 2 * 100.000 polycentric queries amongst each other. The objective was to verify that the result set retrieved is well and truly at the crossroad of the query-nodes composing the query. The figure 6.14 shows the distribution of queries ordered by the average top 100 shared results percentage between the monocentric and the polycentric queries i.e. the average amount of top 100 results shared between the monocentric query results (having X as inputs) and the polycentric ones (having X + Y and X + Z as inputs). The figure 6.15 shows the same information for the 2 polycentric queries amongst themselves i.e. the average amount of to 100 shared results between the composite query having X + Y as inputs and the one having X + Z as inputs. These 2 distributions point out that the top result lists are very different in terms of composition. In others words the composite query results are highly specific to their inputs; they are at the crossroad of the seeds. The hypothesis 7 is verified.

Distance

During our analyses we also wanted to observe if the results were equidistant from the 2 query-nodes in term of shortest path. Such equidistance gives an indication about the fact the results retrieved are related to the 2 seeds with an equal strength. This is important as the objective is to explore results at their cross-road. The table 6.2 shows the average distance between the results and the 2 query-nodes. More precisely 3 distances are presented: the average one for the top 10 results, the distant triples average one for the top 100 results and the average maximum distance in the top 100 i.e. the furthest node(s) distance in the top 100. It is observable that all these distances are well balanced between the resource 1 and 2. Thus the hypothesis 8 is verified.

Advanced querying implementation

This section focuses on the implementation of the algorithm variants allowing the users to access topic-centered hardly identifiable knowledge nuances. The idea is to offer deep exploration capacities by allowing exploratory search on topic from multiple angles. A user may enter multiple queries about a topic using diverse perspective operations to get a more complete view about it or to focus on specific facets of interest. We implemented 3 perspective-operations. The first two are the 

Criteria of interest specification

The DBpedia categories are used as criteria of interest/disinterest in our implementation i.e. p = http://purl.org/dc/terms/subject. When implementing the criteria of interest specification we chose to keep this unique property for the similarity computation. First a unique property reduces the computational cost. Second it simplifies the interactions for the selection of the criteria of interest (see chapter 7). The resources described in some linked dataset are complex and can be explored through many points of view. We reuse the Claude Monet and Ken Loach examples in order to show that the DBpedia categories expose a variety of topics facets, see figure 6.16 where we manually grouped them. Such groups of facets inform on the nationality, artistic movement, illness and epoch for Claude Monet. They inform on the artistic aspects, politics, origins and epoch for Ken Loach. The criteria specification variant offers a mechanism to favor or discard such aspects during the results computation. With the criteria specification variant such categories are associated to a weight assigned by the users before they launch the query. They are consequently finely processed by the algorithm, according to the user tastes and interests. They are not used in an undifferentiated manner as in the basic algorithm. Through the actual interface the users have the choice between three values for each criteria c: not interesting (v = -1), neutral (v = 0) and interesting (v = 1). The functioning of the algorithm is modified as follows (also available with polycentric queries), the similarity used to compute the activation values is changed, see the lines 9 and 10.

By declaring such criteria a user can perform a query specifying that he is interested in Claude Monet because he is an impressionist but not because he is French. Examples of such queries and the top results they retrieve are presented in the table 6.3. The results presented in the table are the top Artist facet results. The DBpedia categories often reflect pieces of information associated to a class e.g. movement, origin for artists. The influence of the criteria selection is consequently 6.5. Advanced querying implementation easily observable on this facet (but have also influence on the others). The top 10 result lists presented in the table 6.3 are all related to Claude Monet but constitute different topic-centered perspectives:

• The first query where no category of interest are specified retrieves artists that are strongly related to France and impressionism: 9 on 10 are French, 8 on 10 are impressionists.

• The second query where all the categories related to France were declared as uninteresting and the category impressionist painters declared of interest retrieves 9 non-French (and 1 French) impressionists painters. American artists, that are almost absent of the basic algorithm results, are well represented.

• The third query where all the categories related to France were declared interesting and the category impressionist painters declared uninteresting retrieve 10 French painters where 5 are not impressionists (realist, fauvist, romantic), 4 are impressionist but not only (fauvist, cubist, modern artist) and only 1 who is only declared as impressionist and post-impressionist. As this algorithm variant does not modify fundamentally the functioning of the algorithm it was not the subject of extensive analysis. Its relevance is evaluated in chapter 8.

Controlled randomness variant

By nature the randomized version is divergent. As the objective is to disturb the original algorithm behavior in order to retrieve unexpected results we did not perform extensive analyses concerning its algorithmic behavior either. Its influence over the results and their perception by the users are evaluated in chapter 8. It is visible on the pseudo-code below that the randomized algorithm is not the same distant triples if the chosen level of randomness is superior to 0.5 (lines 29 to 31) or lower (11 to 13). 

Data: o ∈ KB, maxPulse ∈ N, limitImport ∈ N, r ∈ [0, 1] Result: activationHashMap(i,a); i ∈ KB; a ∈ R

Advanced querying implementation

The table 6.4 gives examples of query results with several level of randomness. The most important point to notice is that when the level of randomness is superior to 0.5 25 the successive neighborhoods imported are impacted and differ from the basis algorithm ones. In other words the propagation is highly susceptible to explore parts of the graph that are not reached with other query-configurations.

Data source selection

With the proposed software architecture it is easy to change the targeted SPARQL endpoint i.e. the linked dataset used to process the query. The differences between the results when using different DBpedia SPARQL endpoints are substantial. We executed the Claude Monet query on the 5 largest DBpedia chapters SPARQL endpoints. Regarding the Artist and Museum facets, both interesting because strongly associated to a country and culture, we observed that:

• Using the English DBpedia chapter, 4 artists and 5 museums in the tops 10 are from English-speaking countries (as officially recognized) i.e. the United Kingdom and the United States. Contrary to other languages the Art Institute of Chicago is ranked as the first museum (instead of the Orsay Museum).

• Using the French DBpedia chapter 9 artists are French in the top 10 artists and 9 museums are situated in French-speaking countries: 1 in Switzerland and 8 in France.

• The Kunsthalle Bremen, Alte Nationalgalerie, Museum Folkwang, Wallraf-Richartz-Museum and the Fondation Corboud, situated in Germany as well as the German artist Max Liebermann appears only in the German chapter results.

• The Galleria nazionale d'arte moderna e contemporanea, situated in Italy, appears only in the Italian chapter results.

• The Botero museum, situated in Columbia, appears only in the Spanish chapter results.

It is especially hard to evaluate the results relevance according to cultural criteria as it is profoundly subjective. Thus we decided to only evaluate quantitatively the cultural differences between the result lists obtained from different DBpedia local chapters. At the same time this experimentation was the occasion to evaluate the response-time in real conditions i.e. using third-party linked datasets. The following hypothesis was formulated:

• Hypothesis 9: Significant results variations exist when using different DBpedia chapter for the same query. In others words, the results reflect the knowledge variation present in the DBpedia chapters.

• Hypothesis 10: the response time is only few seconds when using thirdparty SPARQL endpoints.

Other datasets and calibration generalization

In order to verify this hypothesis we first filtered the whole list of distinct queries entered in Discovery Hub (2302) 26 to keep only the entities that were described in the 5 biggest DBpedia chapters: the English, French, German, Italian and Spanish ones (all of them have over 1 million resources). The amount of queryentities that were described in all this 5 chapters was 739 (32%) 27 . Then we processed the query with the 5 SPARQL endpoints (the localized DBpedia versions) and compared the French, German, Italian and Spanish chapter results with the English chapter ones. We chose to compare them with the English chapter ones because the vast majority of existing applications use it and only it today. The results are shown on Figure 6.17. It is interesting to notice that the top 100 shared results are relatively low and that a consequent proportion of these results do not exist in the English DBpedia chapter. Thus the hypothesis 9 is verified. The average execution time on each chapter was few seconds (maximum 5 seconds for the English chapter and minimum 3 seconds on average for the Spanish one). It shows that the framework has interesting performances using public online SPARQL endpoints, the hypothesis 10 is verified. Figure 6.17: Percentage of shared results with the top 100 English chapter results and percentage of top 100 results that are specific to the chapter

Other datasets and calibration generalization

We will now discuss the applicability of the algorithm outside the DBpedia context. Indeed, together the DBpedia chapters constitute only a small portion of the entire Linked Open Data cloud. Moreover they have a very interesting knowledge distant triples coverage due to their encyclopedic nature but for some explorations it would be more interesting to target more specialized knowledge base e.g. Drugbank in a pharmaceutical research context.

Random graphs

In order to understand the behavior of the algorithm outside DBpedia we first performed an analysis on a variety of graphs generated on-purpose and having diverse properties. For this we used the Graphstream28 library that supports the generation of random graphs according to various properties. As Graphstream does not support natively the generation of RDF graphs we used the following process:

• Generation of the desired graph with the GraphStream library in GEXF format 29 .

• Transformation in ntriple format thanks to a JAVA script we coded.

• Transformation in RDF/XML syntax thanks to the RDF2RDF library 30 .

We verified that the graph transformation from GEXF to RDF/XML format was perfectly executed. For this we checked that we found the same number of nodes, average degree, edge density and edge variance on the GEXF graph using the Graphstream library and on the RDF/XML conversion using Kgram functions. The comparisons showed that the conversion process was perfectly preserving the test graphs among the successive steps.

The Graphstream library proposes several generators that output specific graph structures. They are detailed on the online documentation 31 . During a first round of analysis we used several generators: the Random, Barabasi, Dorogovtsev and Mendes, Small world and Random Euclidian ones. It rapidly appears that the generators did not have a strong influence over the algorithm behavior, but that some metrics of the graph did. Thus we decided to use only the random generator during the second round of analysis.

3719 random graph were generated (one night of processing), and one monocentric spreading was executed for each of them by stimulating a randomly selected node. All the graphs were composed of 1000 nodes and a varying amount of arcs. During our preliminary analyses we noticed an unclear dependance between the average graph degree and the convergence of the algorithm. In order to set the degree range of our analysis we referred to the Koblenz network collection (KONECT). KONECT is "a project to collect large network datasets of all types in order to perform research in network science and related fields". This collection gives indications about the characteristics of real-world networks. In KONECT more than 70%
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of the networks have a degree comprised between 2 and 3032 [START_REF] Kunegis | Konect: the koblenz network collection[END_REF]. Thus we chose to make the average graph degree vary between 2 and 30.

It has to be noticed that such graphs are untyped and can not simulate the influence of the semantics over the algorithm behavior. We can considered that the CPD(o) filtering operation was already applied but in any case the commontriple() similarity measure is not simulated. The figure 6.18 hereafter presents several metrics distributions of the generated graphs. It is observable that the distribution of the average degree, the density, variance and the clustering coefficient of the graphs are linear. Otherwise the figure 6. [START_REF] Bizer | Topology of the web of data[END_REF] shows that the distribution of the graphs diameter is not linear. The average value for all these metrics are given below:

• Average degree: 15.72.

• Density: 0.015.

• Variance: 15.33.

• Clustering coefficient: 0.015.

• Diameter: 5.9.

As mentioned previously we noticed a dependence between the average degree and the convergence of the algorithm. Nevertheless it was unclear and we rapidly searched for another metric to explain the variations we observed in the number of iterations needed by the algorithm to converge. Due to its dependence with the degree and its logical impact on the behavior of the traversal algorithms the influence of the diameter was more particularly investigated. The figure 6.20 shows the relation between the average degree and the diameter of the generated graphs. Unfortunately the diameter is not a parameter that is controllable with the GraphStream generators. Consequently we have diverse amounts of graphs for each diameter (between 2 and 33), see table 6 Then we performed analyses similar to the one we did for the monocentric query. For each graph we randomly stimulated a node and executed a spreading activation algorithm. Then we observed its convergence by computing the amount of top 100 shared results from an iteration to another. We also computed the τ b rank correlation coefficient of these shared results. For sake of clarity we grouped the diameters by 2 from 3 to 10, then we grouped the diameter between 10 and 15 together, and finally we grouped the diameters superior to 15 together. The results are presented on the figure 6.21 (shared results) and 6.22 (Kendall-Tau). We observe that the algorithm convergence is dependent on the diameter of the processed graph. The fast convergence in the case of DBpedia is due to fact that we partially import a graph that already has a low effective diameter of 6.27 (see appendix A on page 233). The effective diameter is defined as the minimum number of hops in which 90% of all connected pairs of nodes can reach each other. [START_REF] Palmer | The connectivity and fault-tolerance of the internet topology[END_REF]. Considering spreading activation the graph effective diameter is more informative than Figure 6.20: Relation between the graphs average degrees and diameters the diameter that can be significantly high due to pathologic structures. The τ b fall that can be observed for the high diameters is due to the density of the graph. Indeed the τ b rank correlation coefficient is computed on the shared results between the iteration n -1 and n. For the graph having a high diameter only few nodes are activated during the first iteration, there is few ranks movements so τ b is high. However the number of nodes activated is more important at the next iteration, there are more movements in term of ranks thus τ b decreases. Then we observe that the values converge as τ b constantly increases. The KONECT networks collection 33 has an average effective diameters comprised between 0.89 and 698.9 with an average of 13.55 but only 5.65 if we do not consider the 3 longest diameter (that are over 500). A histogram of the effective distant triples 

Digg dataset

Finally we performed an analysis on another real-world dataset a Digg34 RDF dataset 35 . We chose this dataset in particular because social networks are especially interesting for the application of the algorithm. They are often large, het-
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erogeneous and evolve in real-time. More precisely the RDF dataset is the "reply network of the social news website Digg. Each node in the network is a user of the website, and each directed edge denotes that a user replied to another user" 36 . It has a diameter of 12 but a 90 percent effective diameter (also known as effective diameter) of 5.40 37 . It is constituted of 30.398 nodes (users) and 87.627 edges (replies).

We run 12.000 monocentric queries on this dataset (one night of processing) starting from a randomly selected node each time. We used the incremental import strategy. According to the metrics of the Koblenz network collection the Digg dataset 90 percent effective diameter is very close to the DBpedia one. Thus we reused the import limit of 6000. The figures 6.24 and 6.25 show that the algorithm has a behavior similar to the behavior it has over DBpedia. We observe the τ b fall. It is not a surprise as the dataset has a lot density 38 (an average degree of 5.7653 edges / vertex). The algorithm appears to be applicable on the Digg social network structure with the previously identified parameters. Figure 6.24: Amount of top 100 shared results from one iteration to another (n -1, n), Digg analysis-case

Conclusion

In this chapter we detailed and motivated the software architecture we chose in order to reach an unprecedented level of flexibility in algorithmic linked data based exploratory search. We proposed to compute the results at query-time from distant data imported from online SPARQL endpoints. This software architecture brings multiple research challenges. Indeed, due to data providers service limits, transfer distant triples Figure 6.25: Kendall-Tau of the 100 shared result from one iteration to another (n -1, n) according to the graph diameter, Digg analysis-case and computational costs the algorithm should be run on a small amount of data. A triangular trade-off appears between the size of the import, the computational cost and the quality of results. We studied the behavior of the algorithm for both mono-centric and poly-centric queries. Thanks to extensive analyses we identified the best settings for our implementation over DBpedia. We also produced a variety of algorithm visualizations for observation and communication purposes, see appendix C. Some of these visualizations are also available online in the form of a video 39 .

The execution of a set of queries on the English, French, German, Italian and Spanish SPARQL endpoints showed considerable differences between the result lists. It is also noticeable that an important part of the results does not exist in the English DBpedia chapter. Thus it is important to pursue the efforts of the DBpedia internationalization both in quantity and quality to avoid an over-use or misuse of the DBpedia English chapter. At the end of the chapter we discussed the applicability of our algorithm and approach on other graphs. To this end we studied the algorithm behavior over randomly generated graphs and over a Digg dataset. According to this analysis that the algorithm convergence depends mainly on the graph diameter. Thus it is probably possible to apply the algorithm on other LOD graph as their diameters are close to the DBpedia one. Now that we are able to identify a result set informative about a topic or a topics combination we will present the interaction model and the interface we propose for their exploration in the following chapter.

In this chapter we present the interface and the interaction model of the web application based on our framework: Discovery Hub 1 . The exploratory search engines are sometimes referred to as to Human-Computer Information Retrieval systems (HCIR) by the scientific community. This denomination emphasizes the importance of the interactions for successful explorations. The interfaces have to be optimized to favor the users' engagement and to support them continuously and intensively on a cognitive point of view.

As exploratory search is executed through lengthy successions of heterogeneous tasks the systems interfaces are often rich in terms of functionalities. Such functionalities are gathered in an interaction model. The result forms a complex alchemy that is subject to the tension between the interactions intuitiveness and precision. With the Discovery Hub application our aim is to favor the intuitiveness at the maximum. We want to develop a system that can be used by a wide range of users because exploratory search systems can be useful to everybody e.g. for educational learning, professional decision-making or leisure explorations.

The interface aims to help the searchers at every step of their explorations. It offers functionalities that both support exploratory tactics (algorithmic-orienteering, faceted mechanisms) as well as focused search ones (rich resources pages, explanatory features). Discovery Hub is designed to support diverse users and their corresponding search behaviors. For instance, they have the choice in several browsing modes and can access three very different result explanatory functionalities. Each explanation feature offers a different perspective on the data.

We leveraged the data semantics in the application design. The semantics are very useful at the interface level where they can be used to structure the interactions and the understanding. In other words the data semantics is an important factor of sense-making. Moreover, when using DBpedia as the primary source of knowledge, its correspondence with Wikipedia can be leveraged to raise the users' understanding.

In this chapter we will review (7a) the Discovery Hub interface, with a focus on each of its important components, (7b) we discuss the Discovery Hub interface by comparing it to the first version, we evaluate its compliance regarding the existing guidelines as well as its correspondence with the systems desired effects we identified in chapter 2, (7c) we present the context of the interface development. The Discovery Hub application was demonstrated at ESWC2013 [START_REF] Marie | Exploratory search on the top of dbpedia chapters with the discovery hub application[END_REF] and ISWC2014 [START_REF] Marie | Demonstration of multi-perspectives exploratory search with the discovery hub web application[END_REF] conferences. It won the best demonstration award of ESWC20132 .

Interaction design

It appeared after its conception that the interaction model can be analyzed under the often-cited "information seeking mantra" proposed by Ben Shneiderman [START_REF] Shneiderman | The eyes have it: A task by data type taxonomy for information visualizations[END_REF]. It has to be noticed that we were unaware of the existence of this set of guidelines when we designed and developed the Discovery Hub interface. It appeared later that the interaction model we developed particularly fits it. It is consequently used here-after for presentation purposes. The information seeking mantra is a high level guideline for designing information visualization applications. His author,
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Ben Shneiderman, presented it as an inspirational asset rather than a prescriptive one. The following description is taken from [START_REF] Shneiderman | The eyes have it: A task by data type taxonomy for information visualizations[END_REF]:

• Overview: gain an overview of the entire collection.

• Zoom: zoom in on items of interest.

• Filter: filter out uninteresting items.

• Details-on-demand: select an item or group and get details when needed.

• Relate: view relationships among items.

• History: keep a history of actions to support undo, replay and progressive refinement.

• Extract: allow extraction of sub-collections and of the query parameters.

This simple set of guidelines has a certain success outside the information visualization community. At the time of writing 89 contributions focused on exploratory search cite it, according to Google Scholar3 . To the best of our knowledge the applicability of the information seeking mantra to exploratory search systems was not extensively discussed. The correspondence between its components and the Discovery Hub functionalities is listed here-after:

• Overview: results list.

• Zoom and filter: results list faceted mechanisms.

• Details-on-demand: result pages.

• Relate: explanatory features.

• History, extract: user profile.

Homepage

Today, the exploratory search systems can appear obscure for some users that are accustomed to the widespread lookup-optimized search engines. Consequently there is a need to explain the objective of such tools and what can be the benefits for the users. Consequently we built a short tutorial that appears during the first connection to the website, see figure 7.1. The tutorial explains what is exploratory search, how to start an exploration, how to get explanations about the results and also presents on the social mechanisms of the application. The same information are shown persistently on the homepage with a more descriptive text in 4 rubrics: exploratory search, get recommendations on your interests, understand a recommendation, share your findings with your friends.

The large search bar with the text start your exploration here is the homepage call-to-action4 . On the top-left the news and random pages aim to incite the users to test the application. The News page displays a subset of news that are semantically annotated using the Reador API 5 . The Random page shows a subset of queries previously entered by the Discovery Hub users in the form of a pictures mosaic. 

Browsing

Once the query is processed an informative result set related to the topic(s) of interest is retrieved and available for exploration. The Discovery Hub search action clearly supports an orienteering behavior. Orienteering is the practice of entering vague queries retrieving a lot of potential relevant results. It is followed by a naive navigation of the results space that is progressively replaced by more structured and analytical tasks as the information exposure raises the users' understanding. 

Results list

When the query is processed the results list is retrieved in a page optimized for its exploration, see figure 7.4. The results list in semantic search system is a critical component. Indeed the display of the results reflects the developers' choices of what data combination constitutes the answer to the users' information need. In our case we made interaction and design choices that aimed to support exploratory tactics in a first time. The Discovery Hub result page corresponds to the overview component of the information seeking mantra.

We wanted the results list to be very visual for both esthetic and overview concerns. Thus the results are presented in a structured mosaic using their images. This paints a picture of the related topics that serves for the visual identification of relations, patterns and gaps. By relying on their visual ability the users can quickly increase their understanding of the domain and shape/refine their information need. In order to highlight the diversity of the results they are presented in the form of horizontal blocs. Each bloc corresponds to a class from the classpropagation domain. The class name is explicitly displayed on the interface. Each of the blocs contains 40 results at the maximum. At the top appears a top results list which is composed of the 40 most activated resources independently from their classes. In the actual configuration 12 blocs are shown: the top one and the eleven most prevalent classes in the class-propagation domain including the miscellaneous one. We chose to display 12 blocs after several HTML mock-ups; the objective was to display a high amount of results without showing an excessively long results list. The miscellaneous bloc contains the resources having a less prevalent type in the CPD as well as the untyped resources.

Such CPD classes are leveraged to offer faceted browsing in the results list. Note that they are permanently displayed at the top for rapid scroll by clicking, see figure 7.4. They are alphabetically ordered. We tried to rank them by order of prevalence in the neighborhood (using NT(o), see chapter 5) but it resulted in hardly interpretable results. Indeed in the case of Claude Monet using such prevalence order would lead to Artist and Museum at the 2 first positions which is coherent. But it would also lead to Person at third position followed by Book and then River. This order is confusing and it resulted in loss of time for the class position identification on the interface.

Discovery Hub has a dynamic information architecture. The facets structuring the interface are based on the class-propagation domain and are consequently query dependent. This aspect is especially valuable for cross-domain exploratory search systems where there is a need to expose different elements of information regarding the query nature. A second level of facets is available for each classfacet, in order to support faceted-filtering 7 , see figure 7.5. This corresponds to the The application was called Discovery Hub because the objective is to redirect the users to relevant third-party platforms once they have made discoveries. The exploratory search systems must " reward users for effort expended" and must "be integrated into the information ecology rather than acting as discrete stand-alone services" [START_REF] White | Exploratory search: Beyond the query-response paradigm[END_REF]. To this end we associated services to DBpedia classes. For instance the class Museum can be associated to the services TripAdvisor, Google Art Project8 , Lonely-Planet9 , etc 10 . Several services such as Youtube or Twitter are more generic and can be proposed for all the resources. In the current Discovery Hub implementation the services are integrated at the maximum in the interface instead of redirecting the users using query-urls including the resource label 11 . For instance the Soundcloud songs are directly played in the Discovery Hub interface using the music streaming application API.

An important point is that the result pop-up supports two account-related interactions for saving and organizing the resources discovered. The first one is the add to favorites action which saves the resource in the user profile for further re-use. The second is a bit more sophisticated and allows the users to add the resources into collections. The collections are set of resources that the users gather about a high-level interest along their successive search sessions. These functionalities are detailed in the following user profile subsection. Finally the button "why this resource is recommended?" allows to ask for explanations about the results. The explanations functionalities are detailed in the following subsection.

Explanatory features

The explanations are critical sense-making factors as they help the continuous understanding of the resources connections. The results retrieved during an exploratory search session should be explained to the users for several reasons. First the searchers often lack knowledge about the informational domain they explore. They consequently need the results to be explained to rise their understanding and to shape new useful mental frames. Second some systems, including Discovery Hub, have specific functionalities that aim at retrieving unexpected results. Such results should be particularly well-explained to the users as they can be nonobvious. Retrieving unexpected results can favor discoveries but comes with the risk of degrading the users' perception of the results. Third, such explanatory features minimize the loss of confidence when the algorithms retrieve irrelevant results. Indeed if the users understand the reason why an irrelevant result appears they will be less disturbed. Fourth the explanations can bring extra-knowledge by presenting the resources and their relations through an angle that is not visible in the other application functions such as the result lists or pages. They can even be a source of inspiration that modifies the users' information need.

In Discovery Hub when the users are interested or intrigued by a result, they can ask for three different explanations thanks to three distinct features. This diversity in term of explanation has several reasons. Proposing several explanations can support the understanding of diverse users that can have preferences regarding their mental frames. Moreover the explanations complete each other as they all have their strengths and weaknesses. Last but not least some explanation methods we use only produce results under certain conditions. For instance, the Wikipediabased one requires the resources to be direct neighbors in DBpedia.

The three features are detailed below. When the users click on the result pop-up "why this resource is recommended?" button all the explanations are computed. The ones that produce a result are shown on top of the result abstract. The explanations correspond to the relate component of the information seeking mantra. They are detailed below:

Common-triples explanation

The first explanation shows the set of property-values combination the queryresource(s) and the result-resource have in common, see figure 7.7. They are shown in a natural language text using a simple template: "the [resource X] and the [resource Y] are both [shared categories,] and have the same [properties label: objects,]". This presentation in a natural language form enhances the users' understanding. Indeed in [START_REF] Passant | Dbrecâmusic recommendations using dbpedia[END_REF] the template explanation "[resource X] and the [resource Y] share the same value for the [property label]" was considered as "useful" by 9 out of 10 participants but also "too geeky" by 6 of them. The common categories are listed in the first place because they have an important impact on the results ranking in the current implementation, due to the commontriple(i, o) f unction. 

Wikipedia cross-references explanation

The second explanation leverages the link between Wikipedia and DBpedia. It identifies and retrieves the resources cross-references in their Wikipedia pages, see figure 7.8. The corresponding paragraphs are extracted and the resources are shown in bold and color. This explanation is very powerful to finely understand the relation between the resources but it only produces a result if the resources are direct neighbors in DBpedia. However the algorithm often retrieves distant results as discussed in chapter 6. This was the main motivation to propose a third explanatory functionality: the graph-based one.

Graph explanation

The third explanation shows the relations between the result and the queryresource(s) in a graph form, see figure 7.9. This view on data helps the exploratory searcher to understand some relations and to increase its knowledge by discovering visual patterns between the resources of interest. As mentioned by [START_REF] Dadzie | Approaches to visualising linked data: A survey[END_REF]: "the power and value of visualization is seen in its ability to foster insight into and improve understanding of data, therefore enabling intuitive, effective knowledge discovery and analytical activity". It is particularly adapted to polycentric queries as it allows to observe the resources being at the cross-road of all the selected resources (query ones and results). It can also inspire the users and encourage them to explore new topics as it unveils numerous elements of context. When the users go over a node its abstract appears on bottom of the graph. Its neighbors are circled with color in order to observe the relations existing in the graph. The position of the nodes can be changed using drag-and-drop. The Data Driven Document (D3) JavaScript library 12 is used to display the graph.

This graph is built on demand thanks to an algorithm. Its values have been experimentally set, based on performances and display clarity concerns. First an indirect path query (distance 2) between the resources is sent to the SPARQL endpoint, the same as the one used for composite querying described in chapter 6, see page 153. If this query is unable to retrieve 20 nodes we use the same protocol as for polycentric queries: we send directed path in both direction with a distance of 3 and 4 if necessary. Once 20 resources are retrieved they are sorted first by increasing order of distance, second by increasing order of degrees. Finally the CONSTRUCT query 7.2 is executed to build a graph that includes from the resources identified at the crossroad. Finally the graph is converted in JSON thanks to the Kgram toJSON() function and is shown thanks to the D3 library. 

User profile

An important component of the Discovery Hub interface is the user profile which corresponds to the history and extract components of the information seeking mantra. It is possible to use Discovery Hub without creating an account. Otherwise creating an account allows to benefit from the social mechanisms of the application and to use its memory-features. These functionalities are accessible through the users' profile page, shown on the figure 7.10. There are two possibilities to be registered on Discovery Hub. The first one is to create an account. The second one is to use a Facebook account thanks to the Facebook Connect API 13 . The main advantage of using such social network profile is the possibility to import the Facebook likes in Discovery Hub. The likes are matched to DBpedia resources using SPARQL queries that find a correspondence between the two labels (plus few heuristics). The incorrect matches can be selectively removed by the users. The correct likes are imported in the users' Discovery Hub favorites.

Creating a user profile allows to access several functionalities and gives a form of persistence that is crucial to distribute the exploration of topics over several sessions:

• The social subscription system (following) that gives access to the activity feeds of the other users.

• The favorites that allow to save resources of interest for further re-access or re-use. The favorites are the simplest way to save a resource, they are not structured.

• The collections are used to organize resources that are associated to a userdeclared high level interest.

• A history of the searches.

Discussion: design and redesign rationale

In this part we start by presenting the first version of the Discovery Hub interface in order to explain some design choices of the actual one. Second we discuss its compliance with the design guidelines available in the literature. Third we discuss the correspondence between the interface functionalities and the desired effects of exploratory search systems from chapter 2. In order to structure the reflection we present the actual Discovery Hub task-tree 14 , on the figure 7.11:

Discovery Hub V1 design and limits

The Discovery Hub interface and interaction model have significantly benefit from the experience we had with the first version. We present this first version below in Homepage. The homepage of the V1, shown on the figure 7.12, did not give any explanation about the objective of the tool. There was no tutorial either. The accent was set on the esthetic of the homepage instead of such explanations to motivate the new users. Random topics taken in the query-log were displayed in squares having different sizes. The search bar was also more discrete and there was no callto-action. To get information about exploratory, semantic search and Discovery Hub in particular the users had previously to go to the about section.

Querying. The search bar, shown on the figure 7.13 was minimalistic. Only the label of the resources was shown, giving far less information to the users for its query building. In order to access the advanced search functionalities the users had previously to go to the query page. The advanced search mechanisms were not available through the homepage. The composite queries were encouraged thanks to the Search Box, shown on the figure 7.14 in which the users drag-and-dropped resources of interest all along their navigation (from profile, results page, etc.). The idea was interesting but led to co-existence of 2 parallel search means. This multiplication of querying features was avoided in the second version which proposes a unique, very visible search bar.

Browsing. The first version of Discovery Hub had 2 result lists views. The first one was called the mosaic-view and is visible on the figure 7.15. The second was called the detailed-view and is shown on the figure 7.16. The mosaic was a very long results' picture board in which the users had the possibility to scroll rapidly using a faceted browsing system available on the left. It had the objective of giving a quick overview of the results using a very visual layout. The detailed view was conceived to explore deeply the results. It showed the class-facets available (from the CPD) and the categories facets (filters) available for each of them. The explanations were given directly on the detailed-view result list page. The use of 2 result lists was not retained for the conception of the V2 because it increased considerably the complexity of the interaction model and of the interface. Another problem was that the users were forced to switch from the mosaic to the detailed view in order to get explanations about the results. Moreover the display of the unitary results was problematic as explained here-after.

Result page. In the first Discovery Hub version the results were displayed in a separate HTML page, see figure 7.17. It caused an important disruption in the exploratory search process. First the informational context that led to the result, such as the facet currently opened and the filters applied, was lost. Second the explanations were given on the results list and not on the result page. In other word the result page was a component that was totally independent from the search context. This was corrected in the second version with the display of the results in the form of pop-ups. The pop-ups do not alter the results list interaction state and provide the explanations. The in-pages semantic browsing mode did not include the breadcrumb functionality.

Explanatory features. Explanations were proposed for all the results in the first version. It led to numerous useless clicks that did not retrieve any explanation. This last point was corrected on the actual version of Discovery Hub where only the non-empty explanations are proposed to the users. The common-triples explanation, shown on the figure 7.18, was not displayed in natural language form but in less user-friendly sequences of property-objects. The Wikipedia-based explanation, visible on the figure 7.19 was also slightly different. It directly displayed an HTML Wikipedia page. Such page was not scrollable and users passed from fixed position to another (if several cross-references were found) thanks to arrows on the top-right. The fixed position corresponded to portions of the page where a cross-reference appeared. A limit of this previous implementation was that it was able to show only one page: if a cross-reference appeared in the query-resource Wikipedia page this page was displayed. If it was not the case but a cross-reference appeared in the result-resource Wikipedia page, this page was shown instead. The actual version overtakes this by being totally bidirectional showing all the crossreference in a compact format (using paragraphs instead of the whole page). Apart from minor esthetic improvements the graph based explanation functionality was not significantly modified, see figure 7.20.

User profile.

The user profile is visible on the figure 7.21. It is rudimentary if we compare it to the actual user one. It already supported the Facebook likes import, see figure 7.22, as well as the system of favorites internal to Discovery Hub. Nevertheless it lacked all the social mechanisms, the collections and the search history. The user profile is significantly more powerful in the actual Discovery Hub version. 

Compliance with the existing guidelines

In this subsection we discuss the compliance of the actual interface with the design guidelines identified in the literature (see chapter 2, page 21). We remind that the following guidelines are summarized from [START_REF] Wilson | Evaluating advanced search interfaces using established information-seeking models[END_REF]:

• Guideline 1: "maintain keyword search": the lookup system actually in place on Discovery Hub mimics the keyword search to a certain extent. Otherwise enabling keyword-search in semantic search systems where the resources are the unit of information raises many research questions. For instance the problem of mapping a keyword-query into spreading activation stimulations raises several problems such as establishing the mapping between the keywords and the knowledge graph processed as well as attributing of the stimulation level for each keyword composing the query.

• Guideline 2: "Think about different users": in our opinion Discovery Hub is able to support different kinds of users. This statement is notably backed by the use analysis presented in chapter 8, see the appendix I on page 253. The objective of supporting the understanding of various users, potentially having different mental frames was also a motivation for the proposition of different explanatory features.

• Guideline 3: "Show information in context": we particularly paid attention to show the information in context. First, the facets are always visible. Second, the result lists are long in order to retrieve elements of context. The result pop-up displays data related to the browsed result in order to contex-tualize it. The explanations, notably the graph-one, also reveal elements of context.

• Guideline 4: "Include sorting and filtering": the faceted mechanisms (browsing and filtering) have this role to a certain extent. Otherwise it could be useful to provide re-ranking and sorting functionalities for a better exploitation of the result lists.

• Guideline 5: "Facilitate information gathering": Discovery Hub has several functionalities helping this information gathering such as the Facebook likes import, the favorites and the collections.

• Guideline 6: "Offer previews": Discovery Hub is not compliant with this guideline, it does not offer any preview mechanism such as numeric values indicators.

Exploratory search desired effects

Only a solid scientific protocol and experimentation can validate the benefits of an interface. This is the purpose of chapter 8. The objective of the preliminary discussion here-after is to highlight the links between the systems desired effects we want to obtain and the application functionalities that aim to produce them.

• The system provides efficient overviews: the visual result list and the visibility of the class-propagation domain classes aim to give an overview of the result set.

• The system shapes the mental representation of the user and its answerframework: the dynamic combination of class-based and instance information aims to shape the users mental models by creating a resonance between its mental frame, the schema structure and the instances.

• The users explore multiple results and browsing paths: the amount of results retrieved, the results pop-up, the fact of having a traversal browsing system encourage the users to explore various browsing paths.

• The system inspires the users and shape the information need: supporting orienteering with several algorithm variants aims to inspire the users and to make them easily discover the information domain without any prior knowledge.

• The system favors discoveries: the framework enforce the provocation of discoveries by proposing querying variants that were specifically created to retrieve unexpected results such as the randomized variant or the composite queries. Moreover the advanced querying functionalities aim to unveil hardly identifiable knowledge nuances that can also trigger discoveries.

• The system eases memorization: Discovery Hub proposes several in-session (breadcrumb) and account-related memory features. • PHP for application server-side with the CodeIgniter framework 20 .

• Virtuoso was chosen as the database, MySQL was used in the V1. We reused other schema elements such as the SIOC sioc:UserAccount and the sioc:follows property. Apart from using a single data model and respecting the semantic web standards using Virtuoso offers novel possibilities in term of processing. Indeed the users and the resources they like, search and discover are merged in a unique graph (see figure 7.24). The topics of interest are turned into social objects offering new possibilities in term of querying. For instance it allows to start the spreading activation from a node corresponding to a user or to include people recommendation in the spreading activation results.

• The website is installed on a virtual machine under Linux Fedora LAMP configuration.

• Glassfish 21 runs the Java algorithm API which was developed using Netbeans 22 . The PHP code communicates with the Java one through command lines. The Java code output JSON formated results.

• Git 23 was used for the versioning. • legrand/sparql for composer/PHP24 : for generating SPARQL queries in PHP.

• SPARQL for Bower/JS 25 : for generating SPARQL queries in JavaScript.

• SPARQL for Objective-C26 : for generating SPARQL queries in Objective-C.

• legrand/sparqlmodel27 : a PHP model interfacing SPARQL endpoints and applications. 

Communication

We communicate about the application outside the scientific community. The main objective was to increase the amount of queries processed in order to obtain a longer query-log i.e. usable for further researches. A Twitter account was opened (discovery_hub 28 ). The application was also demonstrated at the entrance booth of the 2013 Bell Labs France open days 29 . Last but not least a commercial adaptation of the algorithms for web applications cold-start personalization (using social insights like the Facebook likes) won the 2013 Challenge Jeunes Pousses entrepreneurial challenge 30 . This challenge is organized every year by the Sophia-Antipolis Telecom Valley innovation cluster 31 . The adapted project was named The Showcase Machine, see the appendix G on page 247.

Conclusion

In this chapter we presented the Discovery Hub platform, architecture, technologies, interface and interaction model. We did not focus strictly on the application but also gave some elements of context and discussion. First we detailed the interface and its principal component: the homepage, querying system, results list, result page, explanation features and user profile. Second we discussed the current interface and interaction model by explaining the important design choices in regard of our experience with the first version of the application. We also put it in regard of available guidelines for exploratory search systems and proposed a correspondence between the desired effects of an exploratory search system and the Discovery Hub functionalities. Finally we detailed the context of the development of the web application in terms of project management, technologies and communication. We need now to evaluate the relevance of the whole: algorithm and interface. The following chapter is dedicated to such evaluations. 

Introduction

In this chapter we present the evaluations 1 we did for the monocentric, polycentric algorithms as well as for the criteria of interest specification and the controlled randomness injection variants. Such evaluations aim to verify that the algorithms retrieve results that are relevant in an exploratory search context. To this end we did not only focused on their relevance but also on their novelty and unexpectedness. Indeed a successful exploratory search engines should provoke multiple discoveries about the topic explored.

As mentioned in chapter 2 the evaluation of the exploratory search systems is especially challenging and is still today an open challenge. The research needs to be pursued to reach a community agreement about the best protocols and methodologies to properly evaluate such systems. The publications in the literature often extensively motivate and explain the design of the evaluation protocols they use.

Discovery Hub is an algorithm-based exploratory search engine having the specificity of implementing multiple algorithms. The corresponding query-modes can be used to deeply explore a topic, through numerous angles by extensively relying on the result sets that are automatically identified for them. Thus the majority of the evaluations were focused on the users' perception about the results retrieved. Three distinct evaluations, that were all based on human judgment, were executed. The first was dedicated to the mono-centric queries, the second to the polycentric ones and the last one for the 2 advanced querying variants. Finally we present in this chapter an ongoing reflection about an evaluation protocol aiming to overtake some limits of our previous evaluations and of the evaluations published in the literature.

In this chapter we will review (8a) the mono-centric queries evaluation protocol, experimentation and results (8b) the poly-centric queries evaluation protocol, experimentation and results, (8c) the criteria of interest specification and controlled randomness injection algorithm variants the protocol, experimentation and results (8d) we present an ongoing reflection about a novel protocol for the evaluation of exploratory search system using some innovative approaches (8e) we also reveal some usages statistics computed from the Discovery Hub query-log. The evaluations of the monocentric, polycentric and advanded querying variants were respectively published in [START_REF] Marie | Discovery hub: on-the-fly linked data exploratory search[END_REF], [START_REF] Marie | Composite interests' exploration thanks to on-the-fly linked data spreading activation[END_REF] and [START_REF] Marie | Exploratory search on topics through different perspectives with dbpedia[END_REF].

Monocentric queries evaluation

This section describes the first evaluation which was done to verify the results relevance. We evaluated the most basic (but the most frequent) queries possible with the framework: the mono-centric ones. This first evaluation occurred in two rounds:

• First we evaluate the results against a baseline on a neutral interface (at the time the Discovery Hub web application did not exist yet).

• Second a fraction of poorly rated results were judged again through the Discovery Hub interface, using the explanatory features.

Protocol

We evaluated the results of our monocentric semantic spreading activation algorithm (mentioned as MSSA hereafter) against the sVSM algorithm used in the MORE recommender [START_REF] Mirizzi | Movie recommendation with dbpedia[END_REF] 2 . The main reason of this choice is that MORE was 2 The author thanks Roberto Mirizzi for his precious help concerning the MORE API.

8.2. Monocentric queries evaluation

at the time the only similar linked-data based system that has been compared to another: Seevl, see [START_REF] Di Noia | Linked open data to support content-based recommender systems[END_REF]. As the purpose of MORE is movie recommendation only the Film results facet of our framework was taken into account during the comparison. Comparing our results to the MORE ones was acceptable at this point for the following reasons:

• As mentioned in the dicussion section of chapter 5, similarity is an important factor of relevance for us, see the section 5.7 page 129.

• Even if the major added value of Discovery Hub is to find results which are not obvious, the results that are similar to the topic(s) queried play an important role as they considerably reinforce the users' confidence in the system.

• In our framework the activation value of the resources similar to the topic explored are reinforced. They are often very well-ranked.

• More generally there is a synergy between the recommenders and exploratory search systems that was already discussed in chapter 4, see the section 4.3 page 79.

• More generally there is a synergy between the recommenders and exploratory search systems that was already discussed in chapter 4, see the section 4.3 page 79.

• The MORE recommender compared its results to another approach, it is important to encourage such comparison between the systems.

During the first round of experimentation we evaluated both the relevance and the discovery potential of our results regarding the sVSM baseline. We formulated the following hypotheses:

• Hypothesis 1: The MSSA algorithm gives results at least as relevant as the sVSM one, even if it is not domain-optimized (the implementation in the MORE application is specific to the cinema-domain).

• Hypothesis 2: The MSSA algorithm has less degradation than the sVSM algorithm. In other words, its end-list results are judged as better as the one of sVSM.

• Hypothesis 3: There is a greater chance that the results are less relevant but novel to users at the end of the lists.

• Hypothesis 4: The explanatory features increase the users' overall judgments positivity.

The hypotheses 1 and 2 aim to verify that the MSSA algorithm retrieves relevant results compared to the domain-specific implementation of sVSM for the MORE movie recommendation use case. The hypothesis 3 aims to verify that the algorithm correctly ranks the results by retrieving the most relevant ones first. Presenting the most relevant and less novel results in priority increases the users confidence in the system. However in an exploratory search context it is important to present less-known, novel results to the users as they want to increase their knowledge on the topic searched. The hypothesis 4 aims to evaluate the influence of the explanatory features on the users' results perception.

The participants evaluated alone the algorithms results on a neutral interface set up with the online survey solution Limesurvey3 . They had to judge 5 lists of movies' recommendations. These lists were composed of the top 20 results from the 2 algorithms. Each list was generated starting from one seed-film. The lists were fully randomized in a single list and doubloons were removed. Thus the participants were not aware of the results provenance. The seed-films used to generate the lists were randomly chosen in the "50 films to see before you die" list 4 . It was chosen because of its diversity: "each film was chosen as a paragon of a particular genre or style"5 . The randomly selected seed-films were: 2001: a space odyssey, Erin Brockovich, Terminator 2: judgment day, Princess Mononoke and Fight club. Two Likert scale [START_REF] Likert | A technique for the measurement of attitudes[END_REF] questions were asked for each result. The first to evaluate the similarity, the second to evaluate the novelty:

• Question 1: With the film 2001: a space odyssey, I think I will live a similar cinematic experience as with planet of the apes? Strongly agree, agree, disagree, strongly disagree

• Question 2: You and 2001: a space odyssey? Seen, Known but not seen, Not known

In order to analyze the relevance and the discovery potential a 2 (MSSA vs sVSM ) * 5 (Film 1 vs Film 2 vs Film 3 vs Film 4 vs Film 5) * 2 (1-10 ranks vs 11-20 ranks) analysis of variance (ANOVA) test was realized. In statistics, an ANOVA [START_REF] Sprinthall | Basic statistical analysis[END_REF] is a method used to compare more than two means simultaneously and determine if their differences are substantial and reflect natural sampling fluctuations. It tests which proportion of the total variance in the data can be be attributed to the experimental factors, and whether this deviates from what could be expected if the variance is due to noise. As we study several factors at the same time and as the users participate in all conditions, we performed a factorial ANOVA with repeated measure. The survey was filled by 15 persons resulting in a total of 3750 evaluations. The participants sample was composed of 2 females, 13 males, with an average age of 31.7 years, being mainly computer scientists. The average number of movies seen by month on any support was 10.4 (standard deviation sd = 8.66).

In order to analyze the impact of the explanatory features on the users' perception of the results, the participants of the first experimentation were asked later to evaluate again 20 results through the Discovery Hub interface. The explanations helped them to make a choice this time. The 20 results were randomly selected in the MSSA results list of the first evaluation. We constrained the random selection to poorly evaluated results (disagree, strongly disagree answers to the question one) in order to observe an eventual improvement. 

Monocentric queries evaluation

Measure

Results

In the following results 0 corresponds to strongly disagree, 1 to disagree, 2 to agree, 3 to strongly agree for the relevance score. 0 corresponds to seen, 1 to known but not seen, 2 to not known for the discovery score. The score for each user was very stable because it was computed over a large number of responses (250 per user) and over two major sources of variation (ranking and film). Having a large amount of evaluations per user increases the reliability on measurement setting and thus has a positive impact on the power of the statistical testing [START_REF] Brennan | Generalizability theory[END_REF]. Hypothesis 1. In order to verify hypothesis 1, we observed the difference between the MSSA and the sVSM relevance scores. The figure 8.1 shows that overall MSSA (mean m = 1.42, standard deviation sd = 0.27) outperforms sVSM (m = 1.18, sd = 0.24). The ANOVA test being statistically significant (F(1, 14) = 113.85, p < .001) the hypothesis 1 is verified. The full ANOVA results are available in appendix H on page 249.

Hypothesis 2. In order to verify hypothesis 2, we observed the difference between the MSSA and the sVSM relevance scores at the end of the top results list (rank 11-20). The table 2 presents the average scores of relevance and discovery for the beginning and the end of result lists. SSA has a better relevance score (m = 1.28, sd = 0.243) than sVSM (m = 0.93, sd = 0.228) for the results at the end of the list. The ANOVA test being statistically significant (F(1, 14) = 20.23, p = .001) the hypothesis 2 is validated.

Hypothesis 3. In order to validate the hypothesis 3 we compared both the relevance and discovery scores of the 2 two algorithms for the beginning and the end of the result lists. The results are perceived less relevant in the second half of the list (beginning m = 1.48, sd = 0.299, end m = 1.10, sd = 0.235) but have a higher discovery score (beginning m = 1.12, sd = 0.249 vs end m = 1.355, sd = 0.216). The ANOVA test being statistically significant for relevance (F(1, 14) = 134.02, p < .001) and discovery (F(1, 14) = 64.30, p < .001), thus the hypothesis 3 is validated. It is noticeable that sVSM has a better discovery score than MSSA at the end of the list but at the same time its relevance decreases considerably. The MSSA algorithm can be considered as more balanced. We also asked the participants to give a qualitative feedback about the three explanatory features. For the 3 features we asked "the feature helped me to understand the relation between the movies and to make a choice?" and one more general question: "overall, I feel that these three features can help me to make new discoveries". 0 corresponded to strongly disagree, 1 to disagree, 2 to agree and 3 to strongly agree.

According to the users the common properties and the graph-based features helped significantly the participants (average scores: 2.13 for both) whereas the benefit of the Wikipedia-based feature was less evident (average score: 1.86), see figure 8.2. The more general question received the high average score of 2.53. However the results are not uniform and show the interest to propose different explanatory features. To conclude such functionalities have a positive impact on the users' perception of the results. They increase their confidence and make their exploration easier at the same time. 

Polycentric queries evaluation 8.3.1 Protocol

We did not find a relevant baseline for the composite query results comparison. We formulated the following hypotheses:

• Hypothesis 5: The composite query results are interesting to the users.

• Hypothesis 6: A consequent portion of the results are unexpected; they have a high discovery potential.

• Hypothesis 7: The explanatory features help the users to understand the relation between the query-resources and the results; they support efficiently the results space understanding.

This evaluation was executed using the Discovery Hub interface. The users had to evaluate 2 result lists of 10 results. Each list was generated starting from 2 of their individual Facebook likes that were randomly combined. In this way we wanted to simulate real composite interest queries that the users were susceptible to enter in the system. The following scenario was introduced: "you heard about a new discovery engine that can help you to discover new items easily, starting from items you already like. This tool notably allows to generate results starting from several interests. You decide to test it on yours. We propose you to judge 2 result lists generated from your Facebook likes". The survey was filled by 12 persons: 3 females, 9 males from various backgrounds, mainly people who asked an early access to the Discovery Hub beta. Two Likert scales questions were asked for each result. The first one aimed to evaluate the users' interest, the second one to evaluate their surprise:

• Question 1: The result interests me: strongly agree, agree, disagree, strongly disagree.

• Question 2: The result is unexpected: strongly agree, agree, disagree, strongly disagree.

Results

In the results presented hereafter 0 corresponds to strongly disagree, 1 to disagree, 2 to agree, 3 to strongly agree for both the relevance and the discovery scores (corresponding respectively to questions 1 and 2). Hypothesis 5. In order to verify hypothesis 5, we observed the relevance score. The average relevance score was 1.65, with a standard deviation of 0.94. The figure 8.3 is the histogram of the average relevance scores per query. 71% of queries received a relevance score over the mean (1.5). Thus the hypothesis 5 is verified. It is noticeable that one case received the worst score possible; all its results were rated 0. The explanation is that the seeds composing the query were very distant: Samuel L. Jackson and the music streaming application Grooveshark6 . Hypothesis 6. In order to verify hypothesis 6, we observed the unexpectedness score (question 2). The average unexpectedness score was 1.90 with a standard deviation of 1. The figure 8.4 shows the average unexpectedness scores histogram. 58.33% of queries received an average score over the mean (1.5). Thus, the hypothesis 6 is verified. • 61.6% of the results were rated as strongly relevant or relevant by the participants. • 65% of the results were rated as strongly unexpected or unexpected.

• 35.42% of the results were both rated as relevant and unexpected. These results are the most valuable but also the most difficult to retrieve as they are often non-obvious.

Hypothesis 7.

During the experimentation we also asked to the participants to give their opinion about the three explanatory features. We asked the same question as during the monocentric queries evaluation i.e. "the feature helped me to understand the relation between the movies and to make a choice?" and "overall, I feel that these three features can help me to make new discoveries". The results are shown on the figure 8.5. The graph-based explanatory feature, which was designed specifically to understand the non-trivial connections between several resources, received a very high average helpfulness score (mean m = 2.92). It is particularly adapted to explain the polycentric query results as it shows multiple paths at the crossroad of the result and the seeds. The Wikipedia-based explanatory feature received an average score over the mean (m = 1.83). Finally the common property feature received an average score close the mean (m = 1.58). It is often impossible to find common triples between the results and all the different seed nodes constituting the composite interest. This feature is more helpful for monocentric queries. The more general question received the high average score of 2.67 and confirms the interest of offering such explanations during composite interest exploration. Regarding all these results the hypothesis 7 is verified. It is also interesting to observe on the figure 8.5 that the users' perception about the explanations helpfulness consequently varies according to the type of query considered (monocentric or polycentric). These results show the interest of offering several distinct forms of explanations in order to cover different information needs.

Finally we asked the participants to rank the 3 functionalities regarding their perceived efficiency in terms of results explanations, see the results on the figure 8.6. The rankings confirmed the previous results. The common property feature Figure 8.5: Explanatory functionalities perceived helpfulness was perceived as the less efficient (ranked first: 0%, second: 72.7%, third: 27.3%). The Wikipedia-based feature was more appreciated (54.5%, 27.3%, and 18.2%). Finally the graph-based one received a very large approval (45.5%, 45.5%, and 9%). Nevertheless, the results are not totally homogeneous among the users and confirm again the interest to propose various explanation features. 

Advanced querying functionalities evaluations

The knowledge nuances we introduced in chapter 5 are quantified below thanks to human evaluation. The boost in terms of relevance and surprise they should provoke is discussed. Two algorithm variants aim to retrieve such hardly identifiable knowledge nuances: the criteria of interest specification and the controlled randomness injection ones.

Preliminary study

Before describing the core protocol dedicated to the advanced querying modes we detail a short preliminary experimentation that was conducted right after the monocentric queries evaluation. The objective was to study the impact of the criteria of interest specification on the results' relevance. We asked to several participants of the monocentric queries evaluation to choose the 3 most interesting aspects (DBpedia categories) and the 3 less interesting ones about the movie Fight Club. Fight Club was chosen because it was the most viewed among the 5 movies (by 86.66% of the participants). Ten persons participated to this experimentation addendum. They showed interest in narrow categories, e.g. American black comedy films, and disinterested in broad ones e.g. 1999 films. The specified criteria of interest and disinterest were used to compute the results with v = -1 for the categories specified as uninteresting and v = 1 for the ones specified as interesting. The average relevance score of the top 10 results significantly rose compared to the basis algorithm ones: 1.94 (sd = 0.55) versus 1.42 (sd = 0.39) previously. This encouraged us to pursue the research about the criteria of interest specification variant and to implement it on the online application. Before describing the core protocol dedicated to the advanced querying modes we detail a short preliminary experimentation that was conducted right after the monocentric queries evaluation. The objective was to study the impact of the criteria of interest specification on the results' relevance. We asked to several participants of the monocentric queries evaluation to choose the 3 most interesting aspects (DBpedia categories) and the 3 less interesting ones about the movie Fight Club. Fight Club was chosen because it was the most viewed among the 5 movies (by 86.66% of the participants). Ten persons participated to this experimentation addendum. They showed interest in narrow categories, e.g. American black comedy films, and disinterested in broad ones e.g. 1999 films. The specified criteria of interest and disinterest were used to compute the results with v = -1 for the categories specified as uninteresting and v = 1 for the ones specified as interesting. The average relevance score of the top 10 results significantly rose compared to the basis algorithm ones: 1.94 (sd = 0.55) versus 1.42 (sd = 0.39) previously. This encouraged us to pursue the research about the criteria of interest specification variant and to implement it on the online application.

Protocol

In order to confirm the value of such advanced querying modes we built a more solid protocol, presented here-after. This protocol also covers the evaluation of the controlled randomness injection. We formulated the following hypotheses concerning the criteria of interest specification variant:

• Hypothesis 8: The users who specify their criteria (categories) of interest before launching the search, find the results of the search more relevant than users who did not specify their criteria.

• Hypothesis 9: The users who specify their criteria (categories) of interest do not find the results of the search less novel than users who do not specify their criteria. In other words, there is no loss of discovery power due to the specification of interest criteria.

We formulated the other 2 hypotheses related to the controlled randomness injection functionality.

• Hypothesis 10: The stronger is the level of randomness the more surprising the results are for the users.

• Hypothesis 11: Even if the level of surprise is high, the majority of the top results are still relevant to the users.

Then we selected the topics used as query-resources for this experimentation. First we randomly chose a set of 20 queries, i.e. DBpedia resources, from the Discovery Hub query-log. These queries are hereafter referred to as exploration topics.

Second we asked 16 participants to select in this list the 4 topics that were the most interesting to them. We retained the 2 topics selected by the largest number of participants: information visualization 7 and the singer Serge Gainsbourg8 . This selection is interesting regarding exploratory search as it is composed of a topic mainly related to a professional interest (information visualization) and a topic related to a personal interest (Serge Gainsbourg). Then we asked each participant to specify the 2 topics categories that they considered either as interesting or uninteresting. 5 categories were available for the information visualization topic and 19 for Serge Gainsbourg. Finally a list of results was generated with 4 algorithm configurations: with the basic formula, with the categories consideration (personalized per participant), with randomness levels of 0.5 and 1. All these results were randomized in a single list. The participants evaluated them with the Discovery Hub application (including the explanatory features). An evaluator was present during the test to help them and to collect their impressions for further research. The participant sample was composed of 6 females and 10 males of 31 years old on average, mainly computer scientists.

Advanced querying functionalities evaluations

Our experimentation aimed to evaluate the interest and the surprise of the users regarding the perspectives they can explore about topics. The framework notably proposes operations that constrain (the criteria specification) or free the (randomness injection) the spread over the data graph in order to increase the users' interest or surprise. We wanted to measure the influence of the algorithm variants on both this interest and surprise. For a precise evaluation we proposed the following definitions to the participants. A result is surprising if:

• You discovered an unknown resource or relation.

• You discovered something unexpected.

A result is interesting if:

• You think it is similar to the topic explored.

• You think you will remember or reuse it.

Users were invited to evaluate the interestingness and surprisingness of each result for each topic by indicating their degree of agreement or disagreement about the four following statements (presented in the form of a 4-point Likert scale):

• S1: This result in itself is surprising: Not agree at all 1-2-3-4 Totally agree ;

• S2: This relation between the topic searched and the result is surprising: Not agree at all 1-2-3-4 Totally agree ;

• S3: This result is interesting: Not agree at all 1-2-3-4 Totally agree ;

• S4: This result is too distant from the topic searched: Very close 1-2-3-4 Too distant.

Results

Hypothesis 8 and 9. The first interesting observation is that the selections of categories were very diverse among the users. Only 2 criteria selections on 16 appeared twice for the information visualization topic and only 1 for Serge Gainsbourg. It confirms that regarding a topic the users are interested in different aspects. Consequently allowing the exploration of topics through different perspectives might be useful to finely match the users' interest. Looking at the figure 8.7 we observe that the results generated by the algorithm using the criteria specification are judged more interesting than the results generated by the other algorithms thus the hypothesis 8 is validated. Conversely, we observe that these results are judged a bit less surprising thus the hypothesis 9 is not validated. Otherwise the loss in terms of surprise is minor and do not require in our sense a modification of the algorithm. The loss of surprise might be due to the prior knowledge of the users' about the criteria of interest they specified. Concerning the agreement the standard deviation was of 0.54 on average for all the different metrics and algorithm variants. The maximum average standard deviation was 0.68 (surprisingness of the relation, 0.5 randomized variant) and the minimum was 0.37 (perceived distance, basic formula). Hypothesis 10 and 11. We also observe that the results with a randomness set at 1 are judged more surprising than the ones with a randomness set at 0.5. Thus the hypothesis 10 is validated. We also observe that a majority of the results are judged irrelevant (>2.5). Thus the hypothesis 11 is not validated. It is also informative to observe the intersection between the relevance and the surprisingness. The intersection of the results evaluated both as very interesting and very surprising is also in favor of the 0.5 randomness value. Indeed, their percentage reaches only 3.3% for the randomness value of 1 versus 7.5% for the 0.5 value and approximately 4.5% for the other algorithms. Lower levels of randomness should be used to obtain a better trade-off between relevance and surprise.

Toward a complete evaluation of Discovery Hub

The experimentations previously described in this chapter were mainly focused on the users' perception about the results retrieved. These evaluations were essential as the approach we propose is largely based on algorithms. Otherwise these evaluations do not cover important aspects of the application such as the humancomputer interactions, users' engagement, cognitive support or knowledge outcomes. We present below an ongoing reflection that aims to propose an evaluation covering all these aspects.

Protocol overview

The novel protocol we started to experiment aims to embrace the complexity in terms of human-computer interactions and knowledge acquisition that are characteristic of exploratory search 9 . It has 2 major objectives:

• Verify that the search task executed is an exploratory one. As we are unsure that our protocol will succeed to provoke an exploratory search behavior we check this aspect.

• Verify that the system has positive effects over the exploratory search task execution. For this we rely on the systems desired effect identified in chapter 2.

For this we introduce 3 innovative components in our protocol:

• The topic explored is chosen by each participant at the beginning of the search session.

• The participants' memory is used as a system efficiency metric.

• The users' intents are analyzed a-posteriori thanks to search session screencasts.

Personalized topic selection. Contrary to the previous evaluations the explored topic is chosen by the participants at the beginning of the evaluationsession. Relying on users' interest rather than on an assigned topic aims to increase their engagement. Consequently there is no task or scenario assigned to them. They use the tool independently from any assignment, in a natural way. They are free to decide what is their initial search objective and to make it evolve without any artificial constraint.

At the beginning of the evaluation the evaluator asks the following question: do you have any passion or interest about which you want to discover new information?. We identify their initial search objective from their answer e.g. discovering the topic, gaining more knowledge, being surprised about it. Then the participants are asked to evaluate their knowledge about the chosen topic thanks to a 5-points Likert scale. Before the evaluation search-session begins a topic is chosen in the Discovery Hub random topics suggestion page in order to demonstrate the application.

Users' memory as an efficiency metric. During the evaluations of the advanced querying functionalities we specified that a result is interesting if the user thinks he will remember it or reuse it. In this protocol we explicitly consider the users' memory as a metric of the system efficiency. For this we use several freeassociation tests. In the free-association test "the subject is told to state the first word that comes to mind in response to a stated word, concept, or other stimulus 10 . It is a simple technique for estimating the users' state-of-knowledge about a topic. In our protocol 1-minut free-association tests are performed before and right after the search session and then once again 1 week after. The duration of 1 week has been chosen to ensure that the knowledge is stored in the long-term memory of the users. The differences in the free word association lists (referred to as FWA below) are quantified and constitute an indicator of how many new important results have been discovered by the users. Several questions are also asked at the end of search session to get qualitative feedback about the knowledge gained. The first question is have you learned new information about the topic and to list these information. The second one is were you surprised by some new information and to list them again.

Screencast-based users' intent analysis. The search session per participant has a duration of 20 minutes. It is fully recorded with the Silverback application 11 . Right after the session the users are asked to comment the video by especially focusing on the intent behind each the interactions they made. The 2 videos were synchronized and ELAN 12 was used for annotating them in order to ease their analysis. The screencasts were also used to analyze the semantic field employed by the users when they describe the intent behind their actions e.g. understand, discover, deepen. The videos also served to measure several users' behavior metrics. Such metrics are presented in the next subsection, they include the number of queries processed, the amount of results consulted, etc.

Minimizing the evaluation difficulties

Let us now first list the difficulties inherent to the evaluation of the exploratory search systems and then detail how the protocol we design should minimize them.

• The traditional information metrics (recall, precision, completion time) are unadapted: we employ different measures that show the searcher behavior, intents and memory.

• The elaboration of exploratory search task scenario is difficult: we do not use a task-based approach, the motivation of the participants is endogenous and personal as it resides in their interest of the chosen topic.

• There is a high-level of subjectivity: the fact the participants choose their exploration topic minimizes such subjectivity. Indeed, assigning a topic to the users exposed us to subjectivity biases during the previous evaluations.

During the first experimentation the participants have not always seen the seed-movies. During the third one the singer Serge Gainsbourg was totally unknown from some participants.

• The users' fatigue limits the evaluation possibilities: only 20 minuts is dedicated to search, which is cognitively intensive. The users intents are analyzed in the second time and the long-term memory effect is tested one week later. The evaluation is distributed over the time, minimizing the effect of the fatigue.

Toward a complete evaluation of Discovery Hub

• The very diverse designs of the exploratory search engines make them hardly comparable: the protocol has been conceived to be totally systemindependent by focusing the evaluation on the effects of the systems.

Hypothesis and metrics

We list the hypothesis we want to verify below. We make the correspondence with information and metrics obtained thanks to the protocol for each of them. The first set of hypotheses corresponds to the objective of verifying that the search task executed is an exploratory one. They are extracted from the list of exploratory search task characteristics summarized in chapter 2, see page 13.

• Hypothesis T1: The goal is to learn or investigate: we check that the verb they use to qualify the participants initial search objective mentions a learning or investigating purpose.

• Hypothesis T2: The search task is open-ended: we check if the memoryfeatures of the system are used. We also observe the amount of entries present in the third free-word association (FWA3) tests that were not present in the first one (FWA1). They represent potential new exploration axes.

• Hypothesis T3: The information need is evolving: we observe the amount of orienteering actions perfomed during the search session (queries in Discovery Hub).

The second subset of hypotheses presented hereafter aims to verify that the system has positive effects over the exploratory search task execution. The hypothesis are based on the desired effects of exploratory search systems identified in chapter 2, see page 13.

• Hypothesis E1: The users explore multiple results and browsing paths: number of results opened and average length of the browsing paths.

• Hypothesis E2: The system inspires the users and shapes the information need: Number of orienteering actions starting from a result (result pop-up run an exploration button in Discovery Hub). Number of new entries in FWA2 that reflect a change in the users' topic mental representation.

• Hypothesis E3: The system favors discoveries: we rely on the answer to the question were you surprised by some new information.

• Hypothesis E4: The system eases memorization: for this we observe the amount of new entries in FWA3. We also rely on the answers to the question have you learned new information about the topic.

Preliminary results

The protocol has been designed to be largely system independent. Its value resides in the comparison of several exploratory search systems on a fair basis.

The protocol will be probably re-adjusted when the first system comparison will be done. To have an idea of what can be the outcomes of this experimentation and if the protocol was feasible we tested it on 3 participants, see figure 8.8. The screencasts of their seach-session was put online 13 . The needed metrics were extracted and the interactions sequences were modeled 14 , see appendix I on page 253. We present the information we get from these 3 exploratory search sessions below: • Hypothesis T1: The goal is to learn or investigate: initial search objectives mentioned by the users were: user1 (U1)"learn new information about the history of free-jazz"; U2 "discover new board games"; U3 "learn new information about the Senegal".

• Hypothesis T2: The search task is open-ended: 1 out of 3 participants used the memory features. We observed new entries in all the FWA2 (8/15, 5/8, 8/13) and new entries for 2 participants in the FWA3 (2/17, 2/7, 0/9).

• Hypothesis T3: The information need is evolving: the users entered a variable amount of queries. Some of them were executed using the search bar: U1: 7; U2: 5; U3: 3. The other queries were launched from a result pop-up using the "run an exploration button": U1: 16; U2: 5; U3: 0.

13 Playlist Expe -search session screencasts: https://www.youtube.com/playlist?list=PLBz-BpzPSRtZYuxqxYDxAk4JpQa2QyMAl 14 By Émilie Palagi

Query-log statistics

Objective 2: desired effects of the system measurement.

• Hypothesis E1: The users explore multiple results and browsing paths:

The amount of results pop-up visited by each user was also very variable: U1: 47; U2: 23; U3: 19. The average length of the browsing paths inside the results pop-ups was the following one: U1: 7.6, U2: 2.75, U3: 1.

• Hypothesis E2: The system inspires the users and shape the information need: The run an exploration button was more or less frequently used as a search pivot depending on the participant: U1: 16; U2: 5; U3: 0. The new entries present in FWA2 also reflect the fact that the users were inspired by their search session: U1: 8 new entries on a total of 15 words; U2: 5 out of 8; U3: 8 out of 13.

• Hypothesis E3: The system favors discoveries: the users all answered yes to the question were you surprised by some new information.

• Hypothesis E4: The system eases memorization: they the users answered yes to the question have you learned new information about the topic?. We also observed that new entries appeared in FWA3 (when compared to FWA1) i.e. new words are associated to the topic in the users mental model: U1: 2 new entries out of 17; U2: 2 out of 7; U3: 0 out of 9.

The protocol needs now to be executed on a larger group of participants and to be compared to the results obtained with other systems

Query-log statistics

Finally, since DH is online and used by several users, we now have a new source to analyze the systems: its query log (approximately 2.400 queries at the time of writing). The figure H.2 shows the percentage of queries per class which inform us about the domains of interest queried in Discovery Hub. The first observation is that approximately half of the queries corresponds to untyped resources (Miscellaneous on the figure). It confirms our choice to not exclude the untyped resource from the computation. Second we observe a strong interest about the culture domain and more particularly the music, cinema and literature ones. We can observe the same tendency in the table 8.2 which shows the occurrences of the categories associated to the queries. Several rare categories of cultural items are very popular e.g. Ivor_Novello_Award_winners. One explanation of this good representation of cultural resources is that Discovery Hub might be used mainly as a discovery engine for such items where there is a strong interest for recommendation. However it is observable that there is a high variety in the topic that have been queries. There is an important long-tail concerning a wide variety of topic-classes that have been queries only once e.g SpaceMission, Fish, BasketballPlayer. This high variety of queries is also visible on the random suggestion of topics 15 available on Discovery Hub, see figure 8.10. This confirms the interest to conceive a cross-domain exploratory search system that might not only cover a wide variety of information needs but also create unexpected bridges between the users' interest. Moreover, several domains retrieve very complete results such as the medical anatomy one e.g. queries related to bones, veins, organs. Numerous use-cases well-supported by Discovery Hub are still to be discovered. 

Conclusion

In this chapter we reminded the difficulty of evaluation inherent to exploratory search systems. There is a need to pursue the research about the evaluation protocols in order to better compare the systems. We presented the evaluations we made for the monocentric, polycentric algorithms and for the advanced querying variants. Our approach is strongly based on an algorithm that automatically selects and ranks results of interest to explore. Thus we needed to evaluate the perception of the retrieved results. We only relied on the human judgment due to the nature of exploratory search, that implies a high users involvement and a lot of subjectivity. We compared ourselves to a baseline for the mono-centric queries but we were not able to find a valuable comparison basis for the polycentric and the advanced querying variants. In the last case we compared several algorithm configurations amongst themselves and observed in particular the trade-off between the results relevance and their surprisingness. Overall the three experimentations gave positive results. However it also showed that slight algorithmic adjustments were needed e.g. lowering the randomization threshold. These evaluations constitute a solid basis but does not cover yet all the important exploratory search needs covered by Discovery Hub. The only components of the interface that were studied at the time of writing, are the explanatory features. They are very important in Discovery Hub as they help the understanding of non-trivial results. They received very positive feedbacks from the users. We need now to evaluate the complete interaction model and the interface of the application by observing if it produces the desired effects identified in chapter 2. We started to design a protocol aiming to overtake our previous experimentations. This protocol introduces several experimentation innovations. It will be improved and fully executed outside the scope of this thesis. In order to give a view on this ongoing reflection we presented in this chapter the first results we obtained with 3 participants.

At the end of the chapter the composition of the Discovery Hub query-log was mentioned. We can observe a predominance of queries related to cultural domains. Otherwise it is noticeable that there is a high variety in term of topics explored. This tends to confirm that it is relevant to conceive exploratory search algorithms and systems that are not constrained to a specific domain.

CHAPTER 9

Conclusion and perspectives

In the following conclusion we summarize the context of our research. In a second time we recall our contributions that aimed to answer the principal research questions asked in the introduction. Last but not least we open the reflection by listing the opportunities we see for linked data based exploratory search systems. We reveal the short-terms improvements we see for Discovery Hub as well as the new research questions that emerged along this thesis.

Research summary

Before summarizing the research context and the contributions of this thesis we remind the 4 research questions that guided the author:

• (i) how can we discover and rank linked resources to be explored starting from the user topic(s) of interest?

• (ii) how to address remote linked data source for this selection?

• (iii) how to optimize such data based exploration approach at the interaction level?

• (iv) how to evaluate such exploratory search systems?

Research context

The general topic of the thesis is search. It focused more specifically on how to leverage the data semantics richness for successful exploratory search. The chapter 2 set the usage context of the thesis. Even if search engines are very popular today the search approaches and technologies still have an important room for improvement regarding complex queries and diverse information needs. In this context we specifically defined and positioned exploratory search (subsection 2.3.1, page 11). We also detailed why the conception (subsection 2.3.3, page 17), comparison and evaluation of such systems are difficult (subsection 2.3.4, page [START_REF] Breslin | The future of social networks on the internet: the need for semantics[END_REF]). An important contribution of this chapter is the identification of the desired effects of exploratory search systems starting from the characterization of the search tasks they aim to support (paragraph 2.3.3, page 19). These desired effects are used all along the thesis to structure the reflection.

The chapter 3 set the technological context of the thesis. It gives an overview of semantic search which refers to the practice of enhancing search technologies
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by the processing of semantics. The chapter starts from a data point of view by insisting on the massive proliferation of structured data on the web today (section 3.2, page 28). It focuses more particularly on the linked open data cloud and on its central dataset: DBpedia (section 3.4, page 33). The LOD is the largest source of structured data and can be considered as the main achievement of the semantic web vision at the time of writing. The chapter continues by outlining the main components of the semantic search approaches (section 3.5, page 43). It is a very active research topic and the major search engines are increasingly using semantics to enhance their services.

The chapter 4 is a prolongation of the chapter 2 and 3 is dedicated to exploration and discovery using semantic data. It details a state-of-the-art review of such approaches and systems within broad areas of classification. The semantic browser (section 4.2, page 59), recommenders (section 4.3, page 79) and exploratory search systems (section 4.4, page 87) are detailed. An important contribution of this chapter is the synthesis of the research advancements in its discussion part (section 4.5, page 94). The evolution of the research over the time is discussed and the most advanced systems are compared in a matrix. The matrix focuses on their main information retrieval and human-computer interactions aspects. Finally the limits, achievements and opportunities found in the literature are identified for each of these aspects. The identification of these opportunities constitutes the pivot toward the contribution part of the thesis. A compact version of this state-of-the-art review was published in [START_REF] Marie | Survey of linked data based exploration systems[END_REF].

Contributions

The exploratory search systems are human-computer interaction retrieval systems. Their information retrieval components are as important as the human-computer interaction ones. The objective of the thesis was to offer a complete exploratory search system: from the formalization of the algorithms to the interaction model and interface. The evaluation of the whole also constituted an important part of the thesis work.

The chapter 5 answers the research question (i). We decided to ground our approach on algorithms that automatically selects and ranks informative result sets to explore. It allows to efficiently support an orienteering behavior at the beginning of exploratory search, when the users lack knowledge and need support to evolve in the information space. We started from a spreading activation basis (section 5.2, page 106) and proposed an adaptation optimized for typed graph. The specificity of our algorithm is that it leverages the data semantics to drive the propagation in relevant zones of the graph only and favor the activation of nodes that are semantically similar to the query-node(s). A strong advantage brought by spreading activation is the flexibility it gives in term of querying. Indeed we first formalized the simplest queries possible i.e. the monocentric ones (section 5.4, page 115), published in [START_REF] Marie | Discovery hub: on-the-fly linked data exploratory search[END_REF]. Starting from this formalization we proposed later the formalizations of several advanced querying modes. It included composite querying thanks to polycentric spreading activation (section 5.5, page 122), published in [START_REF] Marie | Composite interests' exploration thanks to on-the-fly linked data spreading activation[END_REF], as well as the criteria of interest specification and controlled randomness injection variants (section 5.6, page 127), published in [START_REF] Marie | Exploratory search on topics through different perspectives with dbpedia[END_REF]. The design of the algorithms is discussed at the end of the chapter.

The chapter 6 answers the second research question (ii). It explains and motivates the two paradigmatic design choices we made (section 6.2, page 137). First the results have to be computed at query-time. Second the data are consumed remotely from distant SPARQL endpoints. Our approach consists in incrementally importing at query-time a sub-graph from the targeted SPARQL endpoint using SPARQL query with the service operator. The neighbors of the most activated nodes are imported till a limit is reached. The algorithm is applied locally on the subgraph imported. This method allows us to reach the required level of flexibility in terms of data selection and querying expressiveness. Nevertheless it also introduces a triangular trade-off between the size of the import, the response-time and the results relevance. The chapter 6 discusses the feasibility of the method without taking the results relevance in consideration (this is the purpose of the chapter 8). It presents in details the extensive analyses we made to observe the monocentric (section 6.3, page 143) and polycentric (section 6.4, page 152) algorithms behaviors over the main dataset used in this thesis: DBpedia. These analyses helped to set several important calibration parameters such as the maximum number of iterations and the limit of triples locally imported. They were respectively published in [START_REF] Marie | Discovery hub: on-the-fly linked data exploratory search[END_REF] and [START_REF] Marie | Composite interests' exploration thanks to on-the-fly linked data spreading activation[END_REF]. Finally this chapter discussed the applicability of the algorithm outside the DBpedia context (section 6.6, page 167). For this we mainly relied on analyses over randomly generated graphs. The principal findings of these analyses are that the algorithm quickly converges, that its convergence is correlated with the diameter of the targeted dataset.

The chapter 7 answers the research question (iii) by proposing a novel interaction model and web application (section 7.2, page 176). The application is online; it was showcased during several important semantic web conferences and various technological events. It won the ESWC2013 best demonstration award [START_REF] Marie | Exploratory search on the top of dbpedia chapters with the discovery hub application[END_REF] and was presented at the ISWC2014 conference with a focus on the advanced querying modes [START_REF] Marie | Demonstration of multi-perspectives exploratory search with the discovery hub web application[END_REF]. The chapter 7 notably explains the Discovery Hub design choices of the actual version by comparing it to the interface of the first version (subsection 7.3.1, page 188). It also discusses the interaction model regarding the guidelines available in the literature (subsection 7.3.2, page 197) and the desired effects of the exploratory search systems previously identified in chapter 2 (subsection 7. 3.3, page 198).

The chapter 8 aims to validate the contributions proposed in the previous chapters by relying on several users' experimentations. We deliberately performed only users' evaluations as the human engagement during exploratory is critical. As our approach strongly relies on automatic resources selection and ranking the evaluations were mainly focused on the algorithm results relevance and unexpectedness for the monocentric (section 8.2, page 204), polycentric (section 8.3, page 209) and advanced querying variants (section 8.4, page 213). These evaluations were respec-tively published in [START_REF] Marie | Discovery hub: on-the-fly linked data exploratory search[END_REF], [START_REF] Marie | Composite interests' exploration thanks to on-the-fly linked data spreading activation[END_REF] and [START_REF] Marie | Exploratory search on topics through different perspectives with dbpedia[END_REF]. The chapter also addresses the research question (iv) by proposing a novel protocol that integrates innovative experimentation approaches (subsection 8.5, page 216). This protocol aims to evaluate the Discovery Hub interaction model and to overtake the common experimentations limits cited in the literature. More precisely the innovations concern the personalized selection of the topic explored, the total absence of assignment to motivate the exploration (e.g. task-based scenario or objectives), the users' memory being used as an efficiency metric and the use of intent-analysis using search sessions screencasts. At the time of writing a first round of experimentation with 3 users was executed.

Publications

To sum up this thesis led to the following main contributions:

• A state-of-the-art review of the exploration and discovery approaches based on linked data as well as its synthesis and analysis.

• The formalization of a core algorithm and its variants for automatically selecting and ranking a set of results to explore starting from the users' topic(s) of interest.

• An innovative implementation method of such algorithms that computes the results at query-time from distant data. This approach allows to reach a high level of flexibility in terms of data selection and querying.

• The understanding and calibration of the algorithm behavior inside and outside the DBpedia context.

• The Discovery Hub web application implementing the framework and proposing an interaction model optimized for exploratory search.

• The evaluation of the users' perception about the results relevance and unexpectedness for the monocentric, polycentric queries as well as for the criteria of interest specification and the controlled randomness injection variants.

• The evaluation of the efficiency and the users' perception about the explanation features in the context of monocentric and polycentric queries.

• The proposition of an innovative evaluation protocol for exploratory search systems.

These contributions were published in several conferences having a partial or complete focus on semantic web research. Discovery Hub notably won the best demonstration award at ESWC2013. The publications related to Discovery Hub and to the field of linked data based exploratory search are listed here-after: Research material was also published to be reused by the community. It includes several pieces of code, the DBpedia sampler and sample, the screencast videos. Discovery Hub also served as an academic research support, some of the corresponding reports are available online 1 2 . During this thesis the author was involved in 7 other publications as main author or co-author. These publications concerned social networking and web sciences topics 3 . Although they are not linked to the thesis directly we list them here:

•
• Clare J. Hooper, Nicolas Marie, Evangelos Kalampokis, Dissecting the Butterfly: Representation of Disciplines Publishing at the Web Science Conference Series, Web Science 2012, Northeastern university, Evanston, United States, 2012 (short paper).

• Nicolas Marie, Fabien Gandon. Advanced social objects recommendation in multidimensional social networks. Social Object Workshop 2011, MIT, Boston, USA (long paper).

• Nicolas Marie, Fabien Gandon, Myriam Ribière. Pervasive sociality : advanced social objects recommendation. Web Science 2011, Koblenz, Germany (poster).

• Nicolas Marie, Fabien Gandon, Myriam Ribière. L'ontologie OCSO : une ontologie pour le futur du web social. IC2011, Chambéry, France (poster).

• Johann Stan, Myriam Ribière, Jérôme Picault, Lionel Natarianni, Nicolas Marie. Semantic-Awareness for a Useful Digital Life. IGI Global Book: Social Network Analysis and Mining, 2010. (book chapter).

Perspectives

All along the thesis new ideas of exploratory search functionalities arose. The inspiration was catalyzed by the DBpedia richness. This dataset offers plenty of possibilities to enhance the data processing, create new algorithms variants and support novel interactions. The fact that we had a functioning web application also brought a lot of ideas. However the exploratory search systems designers need to pay attention to maintain the coherence and intuitiveness of the interaction model and interface. Indeed, these inspirations can lead to a profusion of functionalities that can result in an interface that is confusing to the users. We present the perspectives in two subsections below. The first one is dedicated to the short-term improvements that do not require extensive research. The second one presents the long-term improvements that open difficult research questions and require extensive research.

Short-term improvements

The potential improvements presented below can be considered as "incremental innovations". They were not implemented due to lack of time and development resources. They do not fundamentally change the Discovery Hub application functioning so they don't require an extensive research effort, but can be expensive in term of development:

• Facet and collection-levels interactions: both automatic (results list facets) and user-driven (collection) organization of results exist in Discovery Hub.

It would be very useful to propose resources set-level of interactions (the set being a collection or a facet). It can includes for instance visualizing all the geo-tagged resources on an interactive map, which propose other services at its turn. It would be even more interesting to trigger third-party service interactions from Discovery Hub e.g. generating a music-streaming service playlist from a Band facet of a result list. Along with this idea, being able to compute summaries and overviews of sets of resources can also be helpful.

• Collaborative exploratory search: collaborative exploratory search is especially promising as it can gather the efforts of several users having different points of view, prior knowledge and search tactics. Discovery Hub actually implements a variety of social functionalities but lacks mechanisms to foster the collaboration amongst its users. It would be valuable to implement public or group-restricted collections as well as to recommend people sharing common interests. Otherwise turning Discovery Hub into a collaborative exploratory search engine requires also to implement collaboration functionalities such as messaging and interaction tracking. It represents a consequent amount of development. An option is to implement it by integrating Discovery Hub in an existing platform supporting collaboration.

• Post-query re-ranking mechanisms: an interesting improvement for Discovery Hub would be to offer re-ranking, re-sorting functionalities after the query is processed. Instead of launching several successive queries with different criteria of interest specified a user might be able to dynamically change the values associated to the criteria in order to re-rank the results list dynamically. In order to assist the users in these re-ranking operations it would be valuable to make explicit the influence of the criteria on the ranking of each result. In the same spirit the results of the composite queries could be rearranged by modifying the weight associated to the seeds composing the query. In the current implementation all the seeds have the same importance on a computing point of view.

• New query-means: Discovery Hub can benefit from going beyond the classical search bar by generating queries from other inputs than entities. The idea is to consider the application as a hub not only when considering the results but also the inputs. Queries can be triggered from the users' bookmarks, social networks publications, entities identified in the browsed web-pages, or from the closest geo-tagged resources (using geo:long and geo:lat properties present in DBpedia for instance). Third-party services such as Shazam 4or Google Goggles5 can be used to support multimedia inputs. Ultimately we can see Discovery Hub as a platform that integrates the users' interests gathered from multiple services and allowing them to discover unexpected relations from the whole. Of course such integration raises important privacy concerns.

Long-term improvements

In this part we present the research directions that are interesting to conceive the next generation of linked data based exploratory search system. They open several research questions that necessitate important research efforts.

• Negative search: we can imagine the possibility of performing negative spreading activations in a linked dataset in order to identify weak signals in the remaining resources. Combining positive and negative queries can support new use-cases, e.g. it can be a way to eliminate the influence of strongly connected nodes to observe the remaining connections. Otherwise it poses numerous questions on the algorithm behavior at a polycentric level. The question of how to explain this querying mode to the users is also a hard point.

• Adaptive queries recommendation: it would be valuable to propose a system of query recommendations in order to help the users to explore a topic from multiple relevant angles. Such queries can be proposed by identifying categories of interest in the users' collections that match the currently retrieved result set. The level of randomness can also be increased as the users gain knowledge on a topic. However all the query recommendations should be explicated and understood by the users. It requires the use of a sophisticated user profile representation as well as personalization methods.

• Collection-based knowledge creation: it seems particularly promising to turn the collection into active information assets. The collections represent, to a certain extent, the state-of-knowledge of the users about a topic. We can imagine to perform collection-based recommendations by launching composite queries with all the contained resources in order to identify new potential resources of interest. Another interesting perspective is to identify the knowledge at the cross-road of several collections.

• On-the-fly distributed data selection: a difficult but promising perspective is the automatic identification and merging of the best LOD dataset regarding a query. Numerous criteria can be taken into account to select them such as the data freshness, the specialization of the linked dataset, the amount of triples related to the topic of interest, etc. It is in line with the semantic vision where the distribution is a key concept. Moreover the software architecture proposed by Discovery Hub can be an interesting starting point for an implementation. However the query-dependent ranking of the data sources, the performances, the algorithms behavior and the presentation of multi-source data in a unique interface all represent difficult research problems.

• Massive use and commercial success: it is important that exploratory search systems become popular, appreciated and massively-used. They can bring significant improvements to important cognitive activities such as learning and decision-making. On the users' side this notably involves the creation of a new space and audience on the web for alternative search methods. On the systems side it involves the scalability of the approaches in terms of data storing and processing. At the time of writing we are at an interesting moment of the history of linked data based exploratory search systems. Some of the searchers cited in this thesis created their start-ups 6 7 . At the same time the three major search players released their knowledge graphs and panels. We forecast a tough competition from which successful solutions will emerge and benefit to the users. 
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 4 Linked data-based exploration and discovery under research. The major search engines notably based their first (embryonic) exploratory search functionality on a knowledge graph. The semantics help to go beyond the keywords by interpreting the users' intent, assisting the exploration, explaining the results and more. Matching exploratory and semantic search is an inspiring idea but a number of issues have still to be addressed as both semantic search and exploratory search are relative immature research fields.
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 1164 4 http://www.w3.org/TR/2014/REC-rdf11-mt-20140225/blank-nodes Monocentric semantic spreading activation function Definition 7: (semantic spreading activation: monocentric query).

Definition 9 :

 9 NT(o) is a multi-set counting the occurrences of the deepest types in the seed node's neighborhood (as in the definition 6).

Definition 12 :

 12 w(i, o) is the semantic weighting functionality combining the semantic filtering based on CPD(o) and the similarity enforcement based on commontriple(i, o).

  Then several pulses of spreading activation are executed till a stop condition is reached e.g. a maximum number of iterations. The top-k most activated nodes constitute the results. We can use the class propagation domain to sort the results, see Figure 5.7.
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Definition 13 :

 13 NT(O) is the union of the NT(o) multisets with o ∈ O used for polycentric queries. NT(O) = o∈O NT(o) Definition 14: CPD(O) is the classes propagation domain, taking into account the semantics of all the initially stimulated nodes o ∈ O:
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 3 Figure C.3: Visualization of the third iteration of a polycentric query, Charles Baudelaire propagation in blue, Arthur Rimbaud in red and the nodes activated at a polycentric level in purple
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  .11. On this illustrative example (Ken Loach and The Beatles) the Who band node polycentric value is null because it is only activated by the propagation originating from The Beatles. It is also observable that the Looking for Eric node is better ranked than the Rock one. It is due to the division by log(degree i ). The node Rock represents a very popular music genre, it is well connected in the graph. It is more probable that a node is connected to Rock than to Looking for Eric. In other words, Rock is less informative according to the information theory, the division by log(degree i ) aims to lower its rank.

Table 5 .

 5 

	Claude Monet	DBpedia Artist type	Eugène Delacroix
	AdministrativeRegion	Kgram similarity	EKP	AdministrativeRegion
	Artist	Actor (0.9248)	Actor	Album
	Book	Comedian (0.9248)	Administrative Region	Artist
	Building	ComicsCreator (0.9248)	Adult Actor	Book
	Company	MusicalArtist (0.9248)	Album	BritishRoyalty
	Disease	Writer (0.9248)	Artist	Building
	Film	AdultActor (0.8913)	Award	Film
	Museum	VoiceActor (0.8913)	Band	HistoricPlace
	Person	Person (0.8602)	Beverage	MilitaryConflict
	Plant	Ambassador (0.7547)	Book	Museum
	River	Architect (0.7547)	British Royalty	Person
	TelevisionShow	Astronaut (0.7547)	Broadcast	Planet
	Town	Athlete (0.7547)	Building	PrimeMinister
	University	BritishRoyalty (0.7547)	City	School
	Writer	Celebrity (0.7547)	College	Single
		ChessPlayer (0.7547)	Comedian	Town
		etc.	etc. (A total of 68 classes)	Writer

1: Class propagation domain, Kgram similarity measure and encyclopedic knowledge pattern of the Claude Monet and Eugène Delacroix resources

Table 5 .

 5 2: Class propagation domains of the Boeing 747 and Boeing B-17 resources

	First resource	Ken Loach	
	Second resource	The Beatles	Margaret Thatcher
	Class propagation domain Album	Album	PoliticalParty
		Band	Book	Politician
		Film	Company	President
		MusicalArtist	Election	School
		MusicGenre	Film	Single
		Person	MemberOfParliament TelevisionShow
		RadioStation	MilitaryConflict	University
		Single	MusicalArtist	Writer
		Song	OfficeHolder
		TelevisionShow Organisation
			Person

Table 5 . 3

 53 

: Class propagation domain for 2 composite queries implying Ken Loach, one with The Beatles and the other with Margaret Thatcher we use is very simple. It is agnostic to the data and to the informational domain.

  to 20.

	distant triples
	1 INSERT {?y <http :// purl.org/dc/ terms /subject > ?prop }
	2 where { sparqlendpointurl > {
	3	select distinct ?y ?prop where {
	4	?y <http :// purl.org/dc/ terms /subject > ?prop
	5	filter (? prop = <dbpedia : Category : Impressionists >
	6	|| ?prop = <dbpedia : Category : People_from_Paris >
	7	|| ?prop = <dbpedia : Category : French_Painters >
	8	....)
	9	{?x ?p ?y
	10 11 12 13 14 15 16 17 18 19 20 21 }}}}} filter ( ?x = <dbpedia : Gustave_Caillebotte > select * where { || ?x = <dbpedia : Blanche_Hoschede_Monet > service <sparqlendpointurl > { || ?x = <dbpedia : Alfred_Sisley > select distinct ?t ( count (?t) as ? tcount ) where { || ?x = <dbpedia :Pierre -Auguste_Renoir > ) {?x ?y ?z . ?z rdf:type ?t} } UNION UNION { {?z ?y ?x . ?z rdf:type ?t} {?y ?p ?x filter (?x=< dbpedia : Claude_Monet >) filter ( ?x = <dbpedia : Gustave_Caillebotte > filter ( regex (?t ," http :// dbpedia .org/ ontology ")) || ?x = <dbpedia : Blanche_Hoschede_Monet > filter (?y!=< dbpedia -owl: wikiPageRedirects > || ?x = <dbpedia : Alfred_Sisley > && ?y!=< dbpedia -owl: wikiPageDisambiguates >) || ?x = <dbpedia :Pierre -Auguste_Renoir > ) } group by ?t }
	} Listing 6.3: SPARQL query for the import of the categories used for the
	Listing 6.1: SPARQL query identifying and counting the occurrences of the similarity measure computation
	types of query-node neighbors
		INSERT {?x ?p1 ?y1 .
		?y1 rdf:type ?k1 }
		where { service <sparqlendpointurl > {
		select ?x ?p1 ?k1 ?y1 where {
		?x ?p1 ?y1
		filter (! isLiteral (? y1) && ?p1 != rdf:type
		&& ?p1 != owl: sameAs
		&& ?p1!=< dbpedia -owl: wikiPageInterLanguageLink >
		&& ?p1!=< dbpedia -owl: wikiPageRedirects >
		&& ?p1!=< dbpedia -owl: wikiPageDisambiguates >)
		OPTIONAL {? y1 rdf:type ?k1}
		filter ( ?x = <dbpedia : Claude_Monet > )
		filter (? k1=<dbpedia -owl:Museum >
		|| ?k1=<dbpedia -owl:Writer > || ... )
		}}}
	Listing 6.2: SPARQL query for the import of the outcoming neighborhood
	of Claude Monet filtered by the class propagation domain

Table 6 .

 6 2: Average distances and their variances between the results and the 2 query-nodes criteria of interest specification and the controlled randomness injection presented in chapter 4. The third one is specific to the context of DBpedia and is called the cultural prism operation. It consists in deliberately selecting a local DBpedia chapter to explore a topic through a certain culture or geographical location.

Table 6 .

 6 3: Results of three queries about Claude Monet using the criteria specification

	Query	Claude Monet (1)	Claude Monet (2)	Claude Monet (3)
	Criteria	None	Impressionist painters +	Impressionist painters -
			Artists from Paris -	Artists from Paris +
			People from Le Havre -	People from Le Havre +
			Alumni of the École des Beaux-Arts -Alumni of the École des Beaux-Arts +
			French painters -	French painters +
	Results			
	1	Pierre-Auguste Renoir	Theodore Robinson	Pierre-Auguste Renoir
	2	Alfred Sisley	Édouard Manet	Gustave Courbet
	3	Édouard Manet	Alfred Sisley	Edgar Degas
	4	Mary Cassatt	Władysław Podkowi ński	Jacques-Louis David
	5	Camille Pissarro	Leslie Hunter	Jean-Baptiste-Camille Corot
	6	Edgar Degas	Theodore Earl Butler	Jean-François Millet
	7	Charles Angrand	Lilla Cabot Perry	Paul Cézanne
	8	Gustave Courbet	Frank Weston Benson	Marc Chagall
	9	Berthe Morisot	Childe Hassam	Camille Pissarro
	10	J.-Baptiste-Camille Corot	Edward Willis Redfield	Édouard Manet

Table 6 .

 6 .5. Percentage 9.7 63.99 23.46 10.66 6.03 4.7 3.27 2.35 2.79 0.77 0.99 1.8 6.21 5: Proportions of graphs per diameter ranges

	Diameter	3	4	5	6	7	8	9	10	11	12	13	14 15+
	Occurrence 264 1740 638	290	164 128 89	64	76	21	27	49 169

  Several open-source packages written by Damien Legrand during his internship on the development of Discovery Hub are public and available online:

	7.4. Architecture and application design
	20 https://ellislab.com/codeigniter 21 https://glassfish.java.net/fr/ 22 https://netbeans.org/ 23 http://git-scm.com/
	200

Table 8 .

 8 1: Scores for partial lists, monocentric evaluations

	Algorithm Rank Mean Standard Deviation
	Relevance MSSA	1-10	1.54	0.305
		11-20 1.28	0.243
	sVSM	1-10	1.42	0.294
		11-20 0.93	0.228
	Discovery MSSA	1-10	1.1	0.247
		11-20 1.21	0.228
	sVSM	1-10	1.14	0.251
		11-20 1.5	0.205

Table 8 .

 8 2: Occurrences of the categories associated to the queries from the Discovery query-log

	222

15 

http://discoveryhub.co/random

ANOVA results for the monocentric queries evaluation

  ,14) = 113.85, p <.001 Discovery F(1,14) = 92.99, p <.001 Rank Relevance F(1,14) = 134.02, p <.001 Discovery F(1,14) = 64.30, p <.001 Algo * Rank Relevance F(1,14) = 20.23, p = .001 Discovery F(1,14) = 32.14, p <.001 Table H.1: Inferential statistics

	Measure	Algo Film Mean Std. Error 95% Confidence Interval
						Lower Bound	Upper Bound
	Relevance 1		1,530 ,072	1,376	1,684
				,923	,096	,717	1,129
				1,883 ,078	1,717	2,050
				1,510 ,112	1,270	1,750
				1,233 ,092	1,035	1,432
		2		,927	,086	,743	1,111
	Factor Algorithm Relevance F(1Measure Measure ANOVA Test Algo Mean Std. Error 95% Confidence Interval Lower Bound Relevance 1 1,416 ,070 1,266 2 1,181 ,063 1,046 1,113 ,084 ,933 1,377 ,059 1,250 Measure Film Rang Mean Std. Error 95% Confidence Interval Upper Bound 1,566 1,294 1,503 1,520 ,090 1,328 Lower Bound Upper Bound 1,712 ,970 ,083 ,792 Relevance 1 1 1,307 ,086 1,122 1,492 1,148 Discovery 1 ,947 ,078 ,779 2 1,150 ,060 1,022 1,278 1,114 1,420 ,073 1,263 2 1 1,147 ,090 ,955 1,339 1,577 ,653 ,086 ,470 2 ,890 ,090 ,697 1,083 ,837 1,687 ,077 1,522 3 1 2,043 ,084 1,863 2,224 1,851 1,107 ,089 ,916 2 1,217 ,065 1,078 1,355 1,297 2 1,227 ,085 1,044 4 1 1,750 ,136 1,458 2,042 1,409 1,463 ,084 1,283 2 1,280 ,075 1,119 1,441 1,644 1,110 ,059 ,983 5 1 1,190 ,093 ,991 1,389 1,237 1,710 ,067 1,566 2 1,013 ,081 ,839 1,187 1,854 1,107 ,073 ,951 Discovery 1 1 ,950 ,085 ,769 1,131 1,263 2 1,223 ,076 1,060 1,386 1,317 Discovery 1 1,163 ,059 1,035 1,290 2 1,323 ,055 1,205 2 1 1,353 ,080 1,182 1,525 Table H.5: Descriptive statistics -algorithm * film 2 1,530 ,072 1,376 1,684 1,442 3 1 ,690 ,087 ,503 ,877
			Table H.2: Descriptive statistics -algorithm 2 1,073 ,062 ,941	1,206
	4		1	1,623 ,105	1,397	1,849
	Measure Relevance 1 Film Mean Std. Error 95% Confidence Interval 2 1,773 ,044 1,679 Lower Bound 1,228 ,068 1,082 2 1,018 ,087 ,831 3 1,630 ,065 1,491 4 1,515 ,099 1,302 5 1,102 ,086 ,917 Discovery 1 1,087 ,078 ,919 2 1,442 ,073 1,286 3 ,882 ,071 ,729 4 1,698 ,071 1,547 1,507 ,053 1,393 2 1,140 ,065 1,002 1,216 ,059 1,090 Discovery 1 1,109 ,064 ,971 ,936 ,059 ,809 2 1,427 ,076 1,265 1,284 ,063 1,149 Relevance 1 1,548 ,079 1,378 Measure 5 1 1,007 ,090 ,813 Algo Rang Mean Std. Error 95% Confidence Interval 1,867 Upper Bound 1,850 1,620 1,034 1,278 1,598 1,342 1,254 1,248 1,286 1,063 1,728 1,589 1,769 1,419 1,205 1,718 1,375 1,201 Lower Bound Upper Bound 2 1,207 ,083 1,028 1,385
		5	1,107 ,079 Table H.6: Descriptive statistics -algorithm * rank ,938	1,275
				Table H.3: Descriptive statistics -film

Table H .
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Designing user interaction for linked data based exploratory search zoom and filter components of the mantra, which "reduce the complexity of the data representation by removing extraneous information from view and allow for further data organization" [START_REF] Craft | Beyond guidelines: what can we learn from the visual information seeking mantra? In Information Visualisation[END_REF]. The users' cognition is assisted by selectively hiding or unveiling specific results of interest. Unexpected relations among the results might also appear during this process. This second level of facets corresponds to the most prevalent DBpedia categories associated to the results of a class/bloc e.g. the films.

In order to ease the selection of the filters we introduced a color code: rare DBpedia categories are displayed brighter e.g. museums in popular culture. The narrow categories are assumed to be more informative than the wide ones e.g. 2001 films.

Such filtering-facets are identified thanks to the SPARQL query 7.1. 

Results page

When the users click a result they turn into a focused search task that requires more precise information. An important design choice in the actual Discovery Hub version was to show the results page as pop-ups appearing on top of the results list, see figure 7.6. The objective was to avoid a disruption between the results list and the consultation of a specific result. Using a pop-up keeps intact the informational context in which the result is situated: the horizontal and vertical scrolling positions are not lost for instance. This functionality corresponds to the information seeking mantra details-on-demand component which "provide additional information on a point-by-point basis, without requiring a change of view" [START_REF] Craft | Beyond guidelines: what can we learn from the visual information seeking mantra? In Information Visualisation[END_REF].

The result pop-up shows all the important information about the resources such as their title, picture and full abstract. On the left it displays structured information constituted of DBpedia properties and their associated objects e.g. movement impressionism. Clicking them it is possible to browse the DBpedia resources in a classic one resource-at-a-time semantic browsing approach. In this case a breadcrumb appears on the top of the pop-up, allowing to track the sequences of browsing and to come back to a previous step. It is also possible to switch back to an orienteering tactic by clicking the run an exploration button in order to trigger the algorithm again. This button is an example of the bridges we built to easily switch from a focused search strategy to a more exploratory one.

Architecture and application design

In this section we present important elements of context about the interface development. After the algorithm implementation the development of the Discovery Hub interface opened a new important chapter of the thesis. It implied work in collaboration, new competencies and some project management concerns. It offered to the author the occasion of supervising two internships including a master degree one: Discovery Hub was developed and demonstrated in constant and close collaboration with the former student Damien Legrand.

Life-cycle of Discovery Hub

The first Discovery Hub version was developed between June and September 2012. The second one was conceived between March and August 2013. The two interfaces were developed with an agile methodology: with constant communication and direct developments. The first version of the system was developed with no solid specifications. It was conceived at its beginning as a demonstrator and a proof-of-concept of the algorithm. However along the inspirations the prototype received more and more functionalities and its interaction model became too complex, see the discussion section of this chapter.

The second version of Discovery Hub was re-developed from scratch. Relying on our experience and on the feedbacks we received we did this time a functional modeling using the i* language 16 and some UML diagrams 17 , see figure 7.23 and the appendix E. Having a development period of approximately 6 months we also relied on Gantt charts to manage the work load and respect the schedule, see the appendix F on page 245. The objective of the functional modeling was to design a less complex and more intuitive interface. The system affordance was also considered as critical. Several social mechanisms, absent from the first version, were also planned.

Technological and architectural choices

The web application interface is the front-end component of Discovery Hub. It has the role of supporting the users in the exploration of topics. The main technologies used are listed here-after:

• HTML5, CSS3, JavaScript (jQuery 18 , Backbone.js 19 libraries) for front-end. 16 The i* framework proposes an agent-oriented approach to requirements engineering centering on the intentional characteristics of the agent. Agents attribute intentional properties (such as goals, beliefs, abilities, commitments) to each other and reason about strategic relationships. Dependencies between agents give rise to opportunities as well as vulnerabilities. Networks of dependencies are analyzed using a qualitative reasoning approach. Agents consider alternative configurations of dependencies to assess their strategic positioning in a social context taken from http://www.cs.toronto.edu/km/istar/Overview 

where:

and the t k is the number of tied x value in the kth group of tied x values, u l is the number of tied y values in the lth group of tied y values, n is the number of observations and sgn(z):

comprised between -1 and 1: -1 means a total discordance and 1 a total concordance. In this thesis we use to it we observe the similarity of the rankings from iteration to another. It notably allows observing the algorithm convergence.

APPENDIX C

Visualizations

The colors of the arcs on the figure C.1 correspond to the level of activation that pass through them: white equals to unactivated, the activated arcs are colored from yellow (minimum value) to red (maximum). The correspondence between the colors and the activation values was manually set.