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ABSTRACT

taken into account in information retrieval systems.

In the proposed PhD thesis, it will be examined how attention data
from the user can be exploited in order to enhance and personalize
information retrieval.
Up to now, nearly all implicit feedback sources that are used for
information retrieval are based on mouse and keyboard input like
clickthrough, scrolling and annotation behavior. In this work, an
unobtrusive eye tracker will be used as an attention evidence source
being able to precisely detect read or skimmed document passages.
This information will be stored in attention-annotated documents
(e.g., containing read, skimmed, highlighted, commented passages).
Based on such annotated documents, the user’s current thematic
context will be estimated.
First, this attention-based context will be utilized for attention-based
changes concerning the index of vector-space based IR methods. It
is intended to regard the contexts as virtual documents, which will
be included in the index. In this way, local desktop or enterprisewide search engines could be enhanced by allowing new types of
queries, e.g., “Find a set of documents on my computer concerning
the current topic that I have formerly used in a similar context”.
Second, the thematic context will be utilized for pre- and
postprocessing steps concerning the retrieval process, e.g., for query
expansion and result reranking. Therefore, attention-enhanced
keyword extraction techniques will be developed that take the
degree of attention from the user into account.

However, context is a relatively vague term. For instance, context
can be generated implicitly or explicitly, it can be meant in a
thematic way (based on content) or rather in an environmental way
(e.g., based on application structures, people worked with, etc.), or it
can be seen as a short-term or as a long-term context, etc.

Categories and Subject Descriptors
H.3.1 [Content Analysis and Indexing]: Indexing methods, H.3.3
[Information Search and Retrieval]: Relevance feedback

General Terms
Algorithms, Human Factors

Keywords
Eye tracking, implicit feedback, attention-based index

1. INTRODUCTION
In the last years it could be observed that the human-centered
perspective came more and more into the focus of IR research. In
this regard, a recent trend is of strong importance: the environment
of the user gets more and more personalized; the narrower and
broader context of a user is considered in order to better understand
the user’s needs (e.g., see [2], [3], [21]). This context is increasingly

One of the current challenges is to elicit the context of a user. This
can be done explicitly, for example by asking the user, whether a
document is currently relevant or not (i.e., explicit relevance
feedback). To use such explicitly generated context is suggestive
and yields better results in IR than without considering any user
context. However, asking the user about explicit feedback requires a
higher effort on the user’s side and should therefore be avoided.
Thus, implicit feedback recently gained in importance, i.e.,
observing the user’s actions and environment and trying to infer
what might be relevant for him.
Up to now, the main sources for implicitly generating thematic
context are the user’s click-through, scrolling and typing behavior
(see [12]); thus, data, which is provided by all normally available
input devices that are used to interact with a computer.
A very interesting new evidence source for implicit feedback are the
user’s eye movements, because mostly they reflect the user’s visual
attention directly. The eye trackers of today are unobtrusive and are
able to identify the user’s gaze with high precision (e.g., see [24]).
Therefore, applying an eye tracker as a new evidence source for the
user’s attention introduces a potentially very valuable new
dimension of contextual information in information retrieval. It is
clear that eye trackers will not be wide spread in the near future due
to their expensiveness. However, if becoming less expensive, they
might well be interesting for knowledge workers in middle- or
large-sized enterprises.
Motivated by these thoughts, in this proposed dissertation, the
impact of attention evidence data especially obtained by an eye
tracker on information retrieval methods will be examined.
Therefore, the focus lies on local desktop and enterprise-wide
search. It primarily shall be concentrated on attention-based changes
concerning the index of vector-space based IR methods, but also on
attention-enhanced pre- and postprocessing steps like query
expansion and reranking mechanisms. As an eye tracker is not the
only source for attention evidence, a model shall be developed,
which integrates different attention evidence sources so that a
standardized overall level of attention can be derived for any piece
of text in a document.

2. BACKGROUND AND RELATED WORK
Relevance feedback has been considered in information retrieval
research for some decades, now. While it has first been focused on
explicit relevance feedback, the focus now lies more on implicit
feedback due to the lower effort it requires from the user. The

sources for implicit feedback are manifold as examined by [12], for
instance.
Nearly all of the implicit feedback sources that are considered in
current research are ultimately based on input from the mouse or the
keyboard: retention actions like printing, saving and bookmarking;
click-through, scrolling, creation and annotation behavior, and
viewing time.
As examined by [10], retention actions are “not always a good
indicator of document preference”. Furthermore, a significant
person-dependent difference in the viewing times of documents has
been ascertained, so that the viewing time alone does not reflect
relevance very well (see also [11]).
However, for the combination of viewing time and scrolling
behavior, a strong correlation to explicit relevance feedback has
been found by [6]. Also, as examined by [7] the combination of
viewing time, clickthrough data and the exiting behavior for a web
page has been found to correlate with explicit relevance feedback.
Furthermore, in [9] clickthrough data as the only source for implicit
feedback in WWW search has been studied and has been found to
be rather difficult to interpret concerning absolute relevance.
Up to now, there has been very few work, which determined the
read passages of a text with an eye tracker, and which used this
information as explicit relevance feedback in information retrieval,
e.g., for query expansion.
Concerning the eye movement during reading behavior, there have
been many detailed studies in the fields of cognition and psychology
(see [17] for a broad overview). Based on the most important
results, a reading detection algorithm has been developed in [5],
which interprets the eye movements recorded by an eye tracker on
the fly to determine, whether the user is currently reading something
or not. The passages determined as read are defined as relevant and
used for proactive information retrieval [14], [13]. Going a step
further, in a feasibility study [18], discriminative hidden Markov
models were used to directly infer relevance out of eye movements.
This implicit relevance feedback was used for proactive information
retrieval and showed to yield promising results [19].
In addition to the above mentioned sources for implicit relevance
feedback, user actions like highlighting or commenting of text (e.g.,
in pdf documents) can be very informative (e.g., compare [23]).
Thus, on the whole, quite a lot sources for implicit relevance
feedback have been studied.
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It is obvious that inferring the user’s needs from one feedback
source alone might not be very accurate. Therefore, approaches that
integrate several sources of implicit feedback for a more accurate
user model are interesting. An example for such a system is
SUITOR [14], which builds an internal user model out of feedback
from an eye tracker, web browsing behavior and application focus.
The user model consists of a set of keywords that are extracted out
of keyboard input, emails and viewed web pages and that are
statistically significant for describing the text. This user model is
then used for proactive information retrieval.
Other typical applications for implicit feedback from user
observation are query expansion and result reranking mechanisms
(e.g., [25], [16]).
However, in nearly all of the approaches to handle implicit
feedback, it is tried to infer relevance for the user directly. Though,
for this proposed dissertation, implicit feedback from user
observation shall primarily be used for deriving degrees of attention
for parts of documents. Furthermore, implicit feedback shall not
only be used for query expansion and reranking mechanisms, but it
shall also be included in the index of vector space IR methods, e.g.,
in order to be able to pose new kinds of search queries.

3. MAIN RESEARCH QUESTIONS
As stated above it will be focused on how attention data from the
user can be integrated in vector space information retrieval models
in order to enhance the quality of search. Therefore, four main
topics are to be focused (compare also Figure 1):
•
•
•
•

These four topics will be motivated and discussed in the following.

3.1 An Eye Tracker as Attention Evidence Source
In order to get valuable implicit information about the user’s current
context, it is necessary to register what the user does with his
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Figure 1: Influence of attention-based user-feedback.
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documents as precise as possible. As mentioned in section 1, eye
trackers are rarely used, but can provide valuable information about
what is interesting for the user. Here, the eye tracker will be used to
detect those parts of a document that have been read or skimmed –
thus, to which the user has paid attention. By using eye tracking, it
can be expected that more precise data about what the user has read
can be obtained, e.g., in contrast to merely analyzing the scrolling
behavior [8].
During reading or skimming, the eye shows a characteristic
behavior composed of fixations, saccades (movements) to the right
and regressions (movements to the left). In the last 30 years a lot of
research has been done in the fields of cognitive science to study
this behavior. As summed up in [17], a fixation is time of about
300ms on average where the eye is steadily gazing at one point.
During reading, text can only be perceived up to ca. 9 letters to the
right of the fixation point. Furthermore, approximately 10% of the
eye moves during reading are regressions. It is important to note,
that the eye movement patterns during reading are normally directly
associated with cognitive processes.
Considering those eye movement characteristics, an algorithm will
be developed, which can detect and differentiate reading and
skimming behavior.
An evaluation is planned, which should give information about the
degree of correlation of several eye tracking measures (e.g.
considering fixation durations and saccade sizes) and explicit
relevance feedback from the user for some document: For some
query, the user will be asked to read several documents and judge
them as either relevant or not relevant. The eye movements during
reading will be recorded, and it will be evaluated, if the relevance of
a document can be inferred by the user’s reading intensity. This
question differs from that addressed in [20] in that the relevance of a
document is not previously known (judged by others), but defined
by the user himself.
What has been read and skimmed will automatically be annotated to
the documents, so that this attention-information can be used also at
a later time.

3.2 The User’s Thematic Context
Identifying the current thematic context of the user is a prerequisite
for all further work within this PhD thesis. The thematic context can
be elicited by analyzing a variety of different user’s actions
especially concerning the usage of documents. A document (or parts
of it) can be read or skimmed; passages or lines can be commented
or highlighted; parts of the document can be created or modified. In
contrast to many other works, which directly try to infer relevance
out of such implicit feedback, here, it will be focused in the first
place on deriving the degree of attention from the user according to
implicit feedback: All the interactions with documents imply
different degrees of attention from the user. They can be observed in
order to get a clue about the user’s current thematic context.
As mentioned in section 2 there exist some approaches that try to
elicit the thematic context by analyzing the user’s browsing
behavior, for example. Most of them represent this context by a set
of descriptive keywords for the viewed pages [1], [14].
Within this PhD thesis, a technique shall be developed to uniformly
integrate several evidence data sources (e.g., read or skimmed
passages, comments, …). This multimodality implies that such a
thematic context may not only contain a set of descriptive

keywords, but rather of weighted keywords giving information
about the degree of attention from the user.
A possible solution, which will be studied, is to adapt the DempsterShafer theory of evidence [22] in order to combine different
attention evidence sources so that a uniform degree of attention can
be derived for any text passage of a document.
The Dempster-Shafer theory of evidence is a mathematical theory
for the combination of separate information (evidence) sources in
order to calculate the probability of an event. It uses belief and
plausibility functions to handle uncertainty and vagueness.
The approach for applying this theory to derive a uniform degree of
attention for a text passage is to assign belief and plausibility
functions to every attention evidence source. For each evidence
source, the minimum degree of attention is determined by the belief
function, while the maximum possible degree of attention is
specified by the plausibility function. In this way, [min, max]intervals are defined for the evidence sources. For example, if
attention is measured on a scale from 0 to 1, skimming generally
infers a lower degree of attention than reading. However, there is
some uncertainty, which is expressed by the length of the intervals.
If there are two (or more) attention evidence sources available for
the same text paragraph (e.g., paragraph has been “read” and
“commented in margin”), they can be combined according to
Dempster-Shafer to calculate a new, more precise interval for the
degree of attention.
The difficulty of this approach is that the definitions of the belief
and plausibility functions require an explicit statement of the
minimum and maximum degree of attention for each evidence
source. For example, the maximum degree of attention for a read
text passage is clearly 1, but what is the minimum degree: 0.5? The
usefulness of such concrete values will be shown by an indirect
evaluation, e.g., by attention-based keyword extraction methods that
are used for query expansion.
Besides information about the user’s attention, it is also important to
know, which currently used documents belong to the same thematic
context. As the focused target group are knowledge workers, it is
very probable that the user examines several similar documents. To
automatically detect switches in the thematic context, which could
be determined by analyzing changes in the content of the viewed
documents (e.g., compare [4]), might be very useful, here.

3.3 Attention-Based Index
Typically, a vector space index is a term-document matrix where
the values for the term-document relationships are calculated
according to local measures (e.g., term frequency) and global
measures (e.g., inverse document frequency; compare [1]). There
are mainly two general observations, which motivate attentionbased modifications in an index for local desktop search:
Firstly, document structures can be rather artificial for the reader
because they are created by one or more authors with specific
subjective views on a topic. In a way, the specific composition of a
document reflects the mental models of the authors which might be
very different from those of the readers. A reader of the document
might only regard some parts of it with different intensities, namely
those parts, which are of interest to him in his current thematic
context (e.g., for his current task). Therefore, a document index for
local desktop search, which supports retrieval of already used
documents, should consider the user’s degree of attention on the
different parts of used documents.

Secondly, there usually exists more than one document dealing with
a specific topic being of interest to the user. Often, if a knowledge
worker is making some document-based inquiry about some topic,
he will not only regard one but several documents. To find these
used documents at a later time (e.g., if a user remembers something
interesting about a topic read some months ago), some connection
between them should be maintained in the index.

In order to find the “real” documents that are part of a virtual
context document, it may be necessary to establish a second index
pointing from virtual context documents to the appropriate real
documents. Furthermore, in order to mark the real documents
according to the pattern of attention evidence (parts read, skimmed,
highlighted, commented, …), some annotation storage has to exist
for the documents.

Based on these thoughts, having properly elicited switches in
context and having inferred degrees of attention from the user (see
section 3.2), the idea is to index virtual attention-annotated context
documents. These context documents consist of those parts of the
documents, which belong to one thematic context, and which the
user has paid attention to (compare Figure 2). In other words, they
are attention-annotated aggregations of attended subdocuments.

Generally speaking, having an attention-based index which firstly
considers the used parts of documents and secondly allows
associating several documents regarded in one thematic context,
allows new types of queries:

Virtual context document
Document 1

Document 2

Attended
subdocuments

Document 3

Figure 2: Virtual context documents consist of the attended
parts of real documents.
The expectation concerning the virtual context documents is that
they represent parts of the user’s mental model much better than the
single entire documents, out of which they are composed. And
having evidence from an eye tracker, which parts of a document
have been read or skimmed, the accuracy of the virtual context
documents is expected to be very high.
The typical methods for calculating term weights used in the vector
space index of documents only consider statistical properties of the
documents and document corpus themselves. They do not take into
account what the user actually did with the documents. But, having
virtual attention-annotated context documents, it will be investigated
how the degrees of attention for specific text passages can be
incorporated into the term-weighting schema. It can be assumed that
such attention-based indexing methods substantially enhance the
quality of local search and retrieval processes.
As the attention-annotated context documents are structurally equal
to normal documents if the annotations are ignored, normal
documents can also be included in the index (e.g., using simple tfidf measures as if nothing of it has been paid attention to). In this
way, a local attention-based index can be initialized with normal
documents and can be continuously supplemented by virtual
attention-annotated context documents obtained from user
observation.
The vision for the retrieval process is that first, the user puts in a
query for some topic, second, via the index, some attentionannotated virtual context documents will be found and third, if the
user selects a search result entry (i.e., virtual context document), the
appropriate real documents will be opened, where those passages
are marked that have been paid attention to some time ago.

If the attention-based index is only used for local desktop search,
queries can be posed like “Find a set of documents on my computer
concerning <some topic>, which I have formerly used (e.g., read,
commented) in a similar thematic context”.
As a further use-case, an attention-based index could also be stored
centrally in an enterprise, so that all documents regarded by
colleagues are also indexed. Then an interesting new type of query
becomes possible: “Find a set of documents concerning <some
topic>, which I have not regarded, yet, but which have been used by
some colleague in a similar thematic context.” In this scenario,
collaborative information retrieval can be achieved without any
further data structures and without much further effort.
An evaluation of these ideas for index modifications is rather
difficult, because it has to be worked with highly personalized data.
For example, it normally depends on the persons’ habits,
background knowledge and interests, which parts of a document
they read with how much intensity. Therefore, it will be tried to
exclude as much subjectivity as possible by the design of the
experiments. Generally, three types of evaluation studies are
envisioned:
•
•
•

Simulations with manually acquired attention data showing
concrete effects of the attention-based weighting schemes.
Testing against state of the art desktop search engines (with
simulated attention data).
A field test to get an estimation of the subjective benefit for
the users.

3.4 Attention-Enhanced Pre- and Postprocessing
The elicited thematic context (see section 3.2) cannot only be used
to create virtual context documents that are indexed, but also for
query pre- and postprocessing steps like query expansion and result
reranking. Here, the main focus lies on how much attention data
from an eye tracker can enhance the quality of search results.
As documented in [15], there is only a slight benefit of taking
keywords for query expansion that have been directly fixated a
particularly long time. For this PhD thesis, the general idea is to
extract characteristic keywords out of the currently elicited context
document and to use them for query expansion. Therefore, the
choice of keywords for query expansion is not directly influenced
by measures coming from eye tracking. It rather will be influenced
by more abstract measures like the degree of attention for certain
read parts of the context document, which itself might not only be
dependent on eye tracking data, but also on manual text annotations
like highlighting and commenting. As stated previously, by
evaluating query expansion in this way, the methods for generating
context documents and for calculating concrete values for attention
evidence (see section 3.2) can also be evaluated.

As well as for query expansion, the current context document might
also be used for result filtering or reranking mechanisms.

4. NEXT STEPS AND ISSUES TO DISCUSS
Concerning section 3.1, I have already implemented an algorithm
for the detection of reading and skimming behavior based on eye
movement characteristics. Similar to a reading detection algorithm
described in [5], it is based on the accumulation of heuristic scores
that originate from the detection of reading features (e.g., forward
saccade, backward saccade, etc.).
A first case study has been performed, where eleven people had to
perform different reading and skimming tasks (e.g., including
difficult texts, comprehension questions, time pressure, …). The
results so far showed very promising results concerning the very
robust detection and proper differentiation of reading and skimming
at different levels of concentration.
Now, there are several issues that are important for further ongoing
and that I am interested in discussing:
First, I am very much interested in an independent opinion about the
main ideas of this proposal (especially creating and indexing the
virtual context documents, which could be seen as a view on the
user’s mental model). Which directions are promising, on which
parts should I primarily focus?
Second, concerning the scientific environment, is there important
relevant related work that I am not aware of?
Last, but probably most important, suggestions about how
evaluation experiments can properly be designed especially for the
attention-based index would be very much appreciated. The main
problem is that there is intrinsic subjectivity in the highly
personalized virtual context documents so that an objective
evaluation of retrieval results in terms of recall and precision is
difficult.
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