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Abstract

1. Introduction

In order to answer the query, a search engine has to find
full-text matches in the background document corpus and
then order the documents so that the more relevant results are placed higher in the list. An ideal ranking function should understand user’s intent – the goal that is
expressed via the query keywords, and order the results
such that the results matching user’s intent are ranked
higher. To understand the user’s intent, we need to understand semantics of the queries and the documents. There
are various approaches that leverage semantics, but they
are heavy-weight, require external knowledge bases and
are very hard to implement in a highly dynamic, opencorpus domain, such as the Web. In our work, we focus
on the omnipresent lightweight semantics coming from the
search result documents. We propose a flexible metadatabased context model and propose methods that scope it to
short-term interests or expand it with additional data. We
identify several sources of contextual data for this model:
temporal context in form of behavioral search patterns,
activity-based context in form of past queries and social
context in form of user similarity.

A search engine that does not understand the meaning
of the query treats all documents the same, looks for the
textual matches and orders the resulting documents by
a ranking function. As a consequence, the search results
contain (often intentionally [1]) mixed set of documents,
covering all possible meanings of the query words and the
disambiguation is left to the user alone. Search engines
work like databases: they crawl and index documents and
respond to queries with a list of results. The order of
documents depends on the adopted ranking function; a
popular ranking function PageRank [19] scores documents
by analyzing inbound links: the more links to a document,
the more likely it is to appear at the top positions.
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This ordering is however not always compatible with user’s
information needs: a programmer searching for cucumber
probably does not want to make a salad (the most popular meaning of the word refers to vegetable), but to use
a testing tool with the same name. However, the same
programmer at home might as well be looking to prepare
a cucumber salad. In modern search engines the ranking
function is more robust and considers many features in
order to rank the document 1 and PageRank score represents only one document feature that influences the final
ranking. Nevertheless, even combining many features and
sub-rankers does not guarantee a satisfactory document
ranking and the query problems are still present (ambiguity, shortness and clarity).
To face these problems an area of Personalized Search
research has been established. Several approaches have
been researched, each with the ultimate aim to help the
user find the relevant content, without trying to change
how humans think, or work. The main idea behind search
personalization is to adapt the search results towards the
particular user who issued the query. The ranking should
reflect user’s interests and especially the immediate need
that resulted into the query. Each query is issued with a
specific intent - the goal that the user wants to fulfill.
Query represents a projection of that underlying goal into
the common interface between human mind and the search
engine. That projection is often malformed by the mismatch between complexity of our thoughts and limiting
1
List of features used in Microsoft’s Learning to Rank
Challenge,
http://research.microsoft.com/en-us/
projects/mslr/feature.aspx

2

Kramár, T.: Utilizing Lightweight Semantics for Search Context Acquisition in Personalized Search

simplicity of textual keywords, leading to ambiguous, short
and inaccurate queries. The goal of search personalization
is to reconstruct as much of the underlying user intent as
possible and use that information to better rank the results. This underlying intent is often referred to as search
context in the literature (e.g. [15, 23]).
The terminology is different than in the domain of user
modeling, where the term context traditionally refers to
the attributes of the environment (i.e. user’s location,
time, her mood, etc.). In the domain of personalized
search, the term context is commonly used to describe
user’s interests and goals at the time of the query. Unlike attributes of the environment, the search context –
the goals and interests – are hard to identify, mostly due
to the sparsity of interactions with the search engine and
the limited form of interaction that takes place during the
search. The challenge in capturing the search context lies
in extracting as much knowledge from the available data
as possible, and possibly finding ways to extend it and
enrich it from other sources.
A good source of the underlying intent are the search results: each result that the user clicks reveals a bit more
about the interests, yet this information is hidden inside the free-form text that lacks any unified, machineparsable structure. Search results are often used to discover categories of interests, or to find similarities between
users, but the hidden semantics is often left unused.
The problem of semantics in search is actively being worked
on in the area of Semantic Search. The strongest selling
point of Semantic Search is the ability to write queries in
natural language and freely ask questions without translating them into keywords, which leads into more accurate
queries. This, however, comes at a cost of building an
overlay layer over the searched domain, annotating the
existing documents with semantics. Although manageable in closed domains, in an open-corpus domain such as
Web, maintaining the semantic annotations is extremely
difficult, if not impossible, even when using automated
methods, which pushes back the practical mass deployment of Semantic Search.
Recent research in other areas (e.g., [21]) shows that the
semantics can be acquired more easily in form of document keywords, although at the cost of reduced quality
and power. Full-fledged semantic annotations contain rich
data about the underlying document entities, including
types and links to connected semantic information. It is
this richness and connection that makes it so useful and
that allows complex understanding of the document and
information inference. On the other hand, these document keywords are only lightweight, they are not linked,
nor do they have any attributes beside the textual label.
Their main advantage is that they are freely available in
any text and even without additional attributes, they still
relay some semantic, because they describe the underlying
document. Based on this promising research, we formulate our first goal:
Goal 1: Thin the gap between Semantic Search and Personalized Search in open-corpus domain. Propose a context model that can utilize the lightweight semantics for
search personalization.
Another issue with search personalization methods is that

they focus mostly on the long-term interests that comprise
search context. The user model is built as rich as possible, usually from all actions the user has ever made and
that are available in some form. This is partly correct, because there must be enough data about the user in order
to make confident decisions, but this may also sometimes
cause problems. We do not live in an ideal world and
users are often interrupted in their normal workflow with
various side-tasks that go beyond their usual interests.
The problem is when those small tasks and goals overlap
with user’s long-term profile, yet are completely different.
For illustration, a biologist may be interested in the wild
jaguar animals and the personalized search system can
leverage this kind of information to favor animal-related
documents in her day-to-day searching. But if the user
is temporarily interested in buying a car, the search for
jaguar is suddenly not so useful. We can alleviate this
problem by distinguishing between user’s long-term interests and her short-term goals, and combining both to
fetch the most helpful documents that focus on the intermediate needs. That does not mean that the long-term
interests should be abandoned, we just need to find a better way to distinguish when is the right time to use them.
This leads to our second goal:
Goal 2: Analyze possible sources of search context for the
purposes of acquisition of immediate goals of the user.
Devise methods that extend this model with additional information, utilizing the inherent lightweight semantics.

2. Related work
In general, there are two approaches to search personalization:
• Query refinment, which is also commonly referred
to as query expansion or query reformulation. The
basic idea is that the original query is altered to better express user’s intent. The individual terms in a
query may be altered, new terms may be added or
existing terms may be removed. From one point of
view, this is a strategy that ensures that when two
users enter the same query, it is changed so that
each user runs a different query. This family of approaches is often used to suggest similar queries [4],
offer spelling corrections [7], or to solve the index
term synonymy problem [10].
• Results reordering is a less transparent strategy. If
two users issue the same query, the same query is
run, but the personalization occurs at the ranking
stage. The user’s needs may be taken into account
and some documents with content. that is more
closely matching user’s intent may be ranked higher.
Similarly, the documents that are predicted to contain no useful information may be ranked lower. A
good example of a result reordering method is the
family of learning to rank approaches [8], which employ machine learning to learn user preferences for
various search result attributes.
Basically, both strategies achieve the same result – i.e.,
a personalized list of documents that are likely to interest the user issuing the query. The main difference is in
the process itself – the query refinement methods try to
personalize the query itself, while counting on the search
engine to provide relevant results. The basic premise is
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that a personalized query leads to personalized search results, which is generally true. Notwithstanding, there may
be some queries that are hard, or even impossible to personalize simply by changing the text itself. On the other
hand, result processing methods try to personalize the list
of search results.

weather outside. Although these factors arguably
impact the expectations the user has about the search
results, it happens only in special cases. In order
to keep the focus clear on the knowledge-dependent
parts of the context model, this part is ignored.

Other perspective that may be used to look at the personalized search methods is the source of the data that it
uses to make the decisions. From this point of view, we
distinguish these approaches:

To model the interests and goals inherent in the knowledgedependent parts of the search context, we use the ubiquitous lightweight semantics in form of document metadata.
This model has several advantages:

• Content based personalized search methods are concerned with the content of the documents which the
user is browsing. Similarly to contentbased recommender systems, content-based search personalization methods try to prefer documents that are similar to documents that the user has seen in the past.
These methods build the user model from the content of the documents, which they analyze and extract features from (either the full text, or only some
kind of metadata). This type of search systems is
not limited to documents only, but works with other
type of content data, such as texts of the queries. In
fact, there are several variations on the sources of
the content, such as full text of the documents [16],
snippets from the search results [6], document metadata [4] and queries [2].

• Lightweight semantics is ubiquitous, and unlike the
full, heavyweight semantics does not have to be maintained.

• Collaborative based personalized search methods that
concentrate on similarity between the users [5], instead of similarity between the documents. When a
user enters the query it is not the content of the documents, or texts of previous queries that are used to
generate the results, but it is the similarity to other
users. The contents of the documents or the queries
are still used, but only to find users that have similar interests. The search results are then generated
with this similarity in mind. The basic assumption
of this approach is that if similar users agreed on
the relevant results in the past, they will also agree
on relevant results in current search.

3. Context model based on lightweight semantics
Although the idea of search context is recurring in the
literature, the definitions vary from work to work. We
define the search context as the evidence of user’s current
goal that she is trying to fulfill by issuing the particular
query. The search context is not unique for each query
– many search queries can share the same goal, in fact,
many queries do share the same goal and thus the same
search context, because in the process of search, the query
is often refined to reflect new knowledge about the problem. Search context is comprised of several independent
parts:
• Long-term user preferences and interests that drive
most subsequent information needs.
• Short-term needs and goals that provoked the current search. They often stem from long-term interests, but are often mutually orthogonal, so they
need to be kept separatly.
• Knowledge-independent attributes of the external
environment, such as user’s location, mood, or the

• It is flexible, yet provides insight on the underlying
search goal. Metadata based context model provides
a lightweight semantics that reveals the search intent.
• It is easy to build – keywords can be extracted from
the text using standard methods from natural language processing, such as TF.IDF.
• It fits into the keyword model of Web search; queries
are composed of keywords and the context model is
also composed of keywords, which makes it easy to
combine query and context models. It is also easy
to index and easy to match existing fulltext indices.
The interests in the search context are modeled using various metadata (keywords, tags, terms etc.) coming from
the visited pages. These metadata are not provided explicitly, and need to be automatically extracted from the
documents.
The automatically extracted metadata, when put under a
close inspection, are not always 100% accurate and representative of the actual key concepts from the document.
However, it has been shown [3] that the quality is sufficient for user modeling and that when the model is built
from many documents, the more relevant metadata will
be more frequent than the less relevant ones.
The context model is based on user interests, automatically acquired from her activity with the search engine [11].
We define it as a hypergraph

H :=< V, E >
with a set of vertices

V =A∪P ∪T
where A represents a set of users accessing the pages:

A = (a1 , a2 , · · · , ak )
P represents a set of pages

4

Kramár, T.: Utilizing Lightweight Semantics for Search Context Acquisition in Personalized Search

• Psychologists have long ago recognized that people
are wearing social masks, personas, the “social face
the individual presents to the world” it “reflects the
role in life that the individual is playing” [9]. Among
many personas an individual can have, two should
stand out: the persona related to personal life, and
persona related to work life. Separating these two
personas and using a separate context model for
each of them has the potential to bring a model that
is focused, similarly to the lean, short-term model,
and yet has more data to allow confident adaptation.

P = (p1 , p2 , · · · pl )
T represents a set of terms
T = (t1 , t2 , · · · , tm )
E represents a set of edges

E = (a, p, t)|a ∈ A, p ∈ P, t ∈ T

• One of the contexts used in recommender systems is
context of seasonality [18]. It is based on the similarity of a seasonal aspect of the recommended item
with the current season of the year. Good examples are movies with the Christmas theme – users
of the recommender system are much more likely to
accept such recommendation on and around Christmas, than they are at other time in the year.

where
P ∩ T = ∅, A ∩ P = ∅, A ∩ T = ∅
Using this representation is advantageous, as it allows
for good denormalization and allows us to track each of
the vertice type independently. It may seem intuitive to
merge accesses and pages, but this model allows us to abstract page from access, and if the document represented
by the URL (page) changes, we can create new vertex in
the graph and connect it respectively.
The proposed context model captures all of the user’s activity. As a whole it can be seen as a long-term view of
user’s interests. It purposefully does not explicitly separate the long-term interests and short-term goals of the
search context. However, it is designed in a way that allows to easily scope the model to arbitrary part, either
continuous or discontinuous.

Based on our experiences, we hypothesize that the levels
of interests that are propagated via search are unstable
and change over time; sometimes increasing, sometimes
decreasing, and that these changes form repeating patterns. Intuitively, there are many forms of interest drifts,
e.g.:
• periodic drifts in interests that are correlated with
the season of the year, e.g. winter sports or summer
sport;

Various scopes of this model can be used for search personalization. In the most basic use case, the context
model can be used unscoped, as a long-term model of
user interests. The way this model is used for search
personalization depends on the adopted personalization
method. For example, in a simple scenario, the personalization method could use this model to calculate similarity between search results and the model using a cosine
similarity.
Another advantage of this model is that several convenient operations can be defined that let us combine multiple scopes at once. We define operations of addition and
scalar multiplication. Scalar multiplication affects implicit feedback weights associated with each access a from
the hypergraph H. Context addition represents the unification of their respective hypergraphs, in other words,
the hypergraphs are merged into new hypergraph.

4. Behavioral patterns as a source of search context
The interests of a person can change in intensity and those
changes exhibit some sort of pattern that we can analyze
and predict. For example, a person can be highly interested in skiing during winter and in that case, during winter, we can boost ranking for documents that deal with
skiing. A good example of class of queries that could benefit from such boosting are transactional queries, e.g. in
case of a query in form of a sportswear brands, the skiing
equipment manufactured by the particular brand should
receive higher ranking than other equipment, because the
interest in skiing is peaking at this time. The traces of
the idea of these patterns, the seasonality of interests, can
be found in various places:

• drifts in interests caused by the seasonal appearance
of the object the person is interested in, e.g. various
seasonal produce or sports and cultural events that
repeat periodically;
• drifts in interests related to switching between different tasks. In order for these drifts to be worth
considering, the duration of the tasks must be sufficiently long and the tasks must repeat periodically.
The most widespread task that matches these criteria is a regular job that most people have. We expect
that people are changing interests when they are at
work, i.e. people search for conceptually different
information when they are working than when they
relax.
By maintaining separate models for the searcher we could
have a model of interests for the given period and provide
more relevant results. A search engine could detect if
there is a model available for the given moment and use
it to personalize the search results.
Different interest drifts have different periodicity, which
may range from hours to years. Moreover, the context
model for the given period should include data aggregation computed from the complete time period when the
interest was active, not just a single moment in the past.
We have used the AOL logs2 and built two types of temporal contexts: a workweek/weekend context and a business/leisure context. We have analyzed the behaviour of
2

AOL logs,
http://zola.di.unipi.it/smalltext/
datasets.html
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the users [14] with respect to these two contexts using
Davies-Boulding cluster separation score and found that:
• Many users exhibit interest switching patterns and
although the distribution of interest switching level
across the users in our study was uniform, it has
shown that there are users who could benefit from
context of seasonality (see Figure 1. We have also
shown that not all users behave seasonally as we
would have expected intuitively and therefore the
context of seasonality should be applied carefully
and requires further research.
• There is no correlation between the level of temporal interest switching and number of queries issued
during that time.
• Users, who switch interests during weekends are likely
to also switch contexts during business hours and
leisure time.
We have looked on seasonality from point of view of a Web
search, but the idea is applicable to a whole range of other
problems as well. Seasonality draws from the patterns in
user behavior changes, and those patterns are interesting
in general, not only when users are fulfilling their information needs, but also other needs, in communication,
or in collaboration. We think that seasonality could be
studied from other points of view as well, e.g. to see if
there are patterns in communication styles that could be
used to improve the collaboration between humans.

5. Past queries as a source of search context
The impact of short-term goals on search personalization
has been studied only recently by White et al. [22]. They
have shown that creating a model that mixes long-term
interests with short-term goals can outperform a longterm model in search personalization accuracy.
Now that we know that incorporating short-term goals
into the model works, the question remains, how can we
capture them in the model. By the definition of the shortterm, we should only build the model from recent queries,
with the assumption that the user expressed the shortterm goals in some, or all of the recent queries. The problem now reduces to finding those recent queries that can
be used to build up the model.

5

condition that all queries that it contains are related to a
single underlying goal.
We propose a method for search session segmentation that
aims to alleviate the problems encountered by other existing approaches [13], namely:
• going beyond the queries and considering semantics
of the search results,
• expanding the semantics with an external knowledge
base, in order to gain more data, in a more accurate
form,
• considering the perceived usefulness of the search
results in the process of segmentation and
• handling the interrupted sessions and reconnecting
them with the queries.
We focus mainly on considering the semantic similarity of
the queries and search results. The lexical approach that
matches queries that share common parts works well for
identifying the obvious similarities between the queries –
the reformulations, specifications or generalizations of the
query. The lexical approach however fails in cases where
the queries are dissimilar. In this case, we match the
queries using the metadata of the documents clicked from
the search results to get better insight into the purpose of
the query by aggregating more data than only the query
itself provides. We also evaluate the level of page usefulness for the particular query by collecting and analyzing
the implicit feedback indicators that the user provides for
each page view. Our approach also considers user interruptions and is able to separate intermingled sessions and
reconnect interrupted sessions.
We have run an experiment on a sample of manually labeled queries collected on an internal proxy server. We
have shown that considering interruptions can improve
the performance of lexical similarity and that we can
achieve best results when using the semantic similarity
that can outperform both temporal and lexical methods.
This experiment has warranted the validity of our approach and confirmed that lightweight semantics and implicit feedback can be used to detect short-term goals.

6. User similarity as a source of search context

The right way to find the related past queries is to do it
automatically, to automatically find the boundaries between the different search intents and between unrelated
queries. This is a task that is orthogonal with the well
studied task of session segmentation. Session segmentation deals with finding the boundaries between sessions,
where the session is usually defined as a continuous interaction with the Web. We aim to find the boundaries
between search sessions, which are slightly different than
the Web sessions in general. The term search session was
never formally defined in the literature and its meaning
differs in different works, but we assume that search session is a sequence of search related actions with the single
underlying informational intent, similarly to [17].

Having a short-term source of search context for personalization is important, but so is having a model that captures the long-term interests of the user. The more focused is the model, the less data it contains and the harder
it is to build.

Thus the goal of search session segmentation is to partition the stream of user queries into segments of queries,
where each segment is the search session, i.e., holds the

We propose a method that expands the context model
of the user by finding similar users [12]. The important
question is how to define similarity of the users and we

Suppose that we have a search context model that we
would like to use for personalization. This context model
captures user’s intent and we would like to answer the
questions like: What did other users with the same intent
do in this situation? Inspired by the collaborative filtering [20] in the area of recommender systems, we try to
leverage the natural trait of every human – the trait of
following the crowd.

6

Kramár, T.: Utilizing Lightweight Semantics for Search Context Acquisition in Personalized Search

14
12

frequency

10
8
6
4
2
0
170-180

160-170

150-160

140-150

130-140

120-130

110-120

100-110

90-100

80-90

70-80

60-70

50-60

40-50

30-40

20-30

10-20

0-10

Davies-Bouldin score

Figure 1: Histogram of Davies-Bouldin cluster scores calculated for the Workweek/Weekday setup assigned to each of the top 100 active users in the AOL logs. Lower values of the score denote more tight
and separated clusters.
leverage user’s activity and the lightweight semantics inherent in the model to define and calculate this similarity.
This method does not depend on the particular context
model and can work with any kind of model, as long as it
captures the semantics in some way.
We use the proposed context model and extend it with
the social context. The social context comes from the
similar users, where the similarity is judged by their particular interests. We leverage the metadata based context
model, which implicitly captures the interests in form of
metadata.
For each user, similar users are found (the community),
based on the similarities between their interest-based context models. The process is based on an artificial socialnetwork, where each vertex represents a user and each
edge connects two users with a weight that denotes their
similarity.
Each user is linked with other users in at least one community. To extend the context model of each user, we
simply merge the context model hypergraphs, based on
the operation of addition as defined on the context model.
We evaluated our approach on real users, using an internal proxy server to both collect the data for the context
models and augment the search results page. The details
of the proxy server are outlined in Figure 2.
We designed and evaluated two query expansion strategies, first based on the observation that after an unsuccessful search the query will be reformulated and the second, based on the observation that the keyword meaning
can be refined by looking at the document metadata; keywords it frequently co-occurs with. Using a proxy server
platform, we integrated our query expansion method into
Google search engine and injected our expanded results
next to the original results. Figure 3 shows a screenshot
of Google with the appended results.
We observed that in 70% of the searches where expansion
were generated, some of the expanded results were clicked
and furthermore, we observed a significant increase in the

Figure 2: Basic outline of a proxy server and
the data collection process. First, the user requests the page (1), the request passes through
the proxy, which forwards it (2) to the target
server. Its response is sent back to the proxy (3)
and then back to the client (4).

relevance metrics of the expanded results in comparison
with the standard results. A clicked result was considered
useful if its dwell time was larger than 4 seconds. In our
experiments, only 27% of standard results were considered useful in the baseline environment, while the results
expanded by our method were considered useful in 54%
of all cases. A post-hoc analysis performed by a human
judge revealed that about 63% of all recommended reformulations matched user’s intent.

7. Conclusions
The idea of personalizing the search is as old as the search
itself and the research area of search personalization is
mature and well researched. Nevertheless, the richness
of the field only testifies its complexity. The problem of
any personalization is hard, but the problem of search
personalization is especially tough, because of the mental
obstacles that the searcher needs to overcome. First and
foremost, a searcher often does not exactly know what she
is searching for. Second, users may not have the required
vocabulary to correctly describe the problem; even if the
goal is clear, the correct query becomes clear only after
exploring the problematic area for a while. Third, the
queries are almost never exactly aligned with the underlying intent, queries are short and ambiguous. Given all
these preconditions, a personalized search must always be
one step ahead of the searcher.
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model. We have described a study of public log of a search
engine and showed that the notion of behavioral patterns
is different from what we might think intuitively and that
there are users who exhibit behavioral patterns, and there
is an equally large group of users who do not.
Method for segmenting search queries into sessions. As
part of our focus on short-term goals, we have identified
that it is important to know when the user changed her
search goal. We have proposed a method that can detect
that change and can cluster queries with the same underlying search goals. Main contribution of this method
is that it is based on the lightweight semantics that is
captured by user’s actions and as we have shown with an
experiment, can outperform other existing non-semantical
approaches.

Figure 3: Screenshot of the Google search engine
with the experiment in progress. On top, the expanded queries are shown, followed by search results retrieved by query- ing Google with the expanded queries. The injected results are clearly
separated from the standard results by a label and
a separator line.

Generally speaking, the process of search personalization
usually boils down to creating a model which represents
user’s interests, goals and expectations, which is an inherently complicated task, due to the limited nature of interaction between the searcher and the search engine. Such
model can be used to alter the query terms or reorder the
list of search results to better suit user’s preferences.
Following the goals, we focused on defining search context model and analyzed several sources of search context,
each focused on leveraging lightweight semantics. We presented our own contributions, which we now summarize.
Search context model based on document metadata. We
have designed a context model that captures the lightweight
semantics in form of the ubiquitous document metadata.
The main contribution of this model is the flexibility that
it offers, it can be both scoped to create new perspectives
on the search context or it can be enhanced and extended
to accommodate more information. This model supports
a limited set of operations that makes it possible to create
a linear combinations of various search context perspectives and creation of more powerful context models.
Introducing implicit feedback. We have introduced implicit feedback as measurment of search result relevance
and devised a method that can estimate document relevance from various factors of user interaction. The idea
of implicit feedback per se is not new, but we are proposing it as an integral part of the search context model.
We have shown that the document relevance as perceived
by the implicit feedback indicators is an important factor
in the search context acquisition, either when searching
for similar users, or when finding related searches for the
current query.
Perspective on behavioral patterns in search. We have
discussed behavioral patterns in search as another possible source of capturing user’s goals in the search context

While this method is completely independent of the proposed search context model, it can be used to scope the
context model and offer a perspective on short-term goals.
Method for expanding the search context with data from
similar users. Using the document metadata as main
signal in the search context is heavily dependent on the
metadata quality. Unfortunately, the natural language
processing methods as of today are not yet powerful enough
to provide 100% relevant metadata. In order to deal with
this problem, we propose a model expansion method that
utilizes an artificial social network to gather more data.
This way, the relevant metadata in the model have a
chance of piling up, and subside the lower quality metadata.
Expanding the context model with data from similar users
fulfils another important role. It provides a perspective
of social context and allows to use the social mind as
a source of additional knowledge about the underlying
query goals. The main contribution of this methods is the
way how it can find similar users by analyzing streams of
their activity, where the main enabling force is again the
lightweight semantics coming from the documents.
Search personalization methods. We have proposed and
evaluated two search personalization methods that directly leverage the knowledge contained in the search context model and its graph nature. We have defined metadata co-occurence analysis and query reformulation analysis. The main contribution of these methods is that they
directly leverage the semantics inherent in the context
model.
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