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Abstract. Search engines such as Google, Bing, and Yahoo, supplemented by other information search portals like Wikipedia, have
become the means for searching information on the Internet. Along with the increasing popularity of search engines, the academic
interest in search has shifted from analysing simple look-up query and response patterns to analysing rather complex information
seeking needs. Current search tools seem to support complex search not as well as they do in the case of look-up. Especially
support for aggregating search results from multiple search-queries, taking into account discoveries made during a complex search
task, and synthesizing them to some newly compiled document of information is only at the beginning and motivates researchers to
develop new tools for supporting those information seeking techniques. We focus in this work on the exploratory search concepts
aggregation, discovery, and synthesis. Our idea is that these are today the most time consuming activities, especially when fulfilling
a complex information need. We will use these three concepts throughout this paper to evaluate different approaches in exploratory
search and give an overview of the state of the art and current ongoing research in respect to these concepts.
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1. INTRODUCTION

According to Maslow’s hierarchy of needs [1], informa-
tion seeking is a fundamental human activity. However,
information overload and information duplication im-
pose a growing problem upon our knowledge societies.
The quest for efficient information search tools is
more relevant than ever. Today’s search systems are
designed to follow the ”query–response” or shortly look-
up concept. Users with an information need enter queries
into search systems and those search systems produce
ranked lists of search results. Ideally those search
results are relevant for the queries used [69]. They are
among the most basic types of search tasks, usually
happening in the context of question answering and
fact finding. Queries can be classified into mainly
navigational (looking for a web address), informational
(looking for a piece of information) and transactional
(looking to carry out a transaction on the web like
buying a certain pair of Nike shoes queries [12]. We
intentionally do not focus on a specific type of query in
this paper. As this paper deals with discovery, aggrega-

tion, and synthesis of information, the majority of the
queries in such information search processes would be
classified as “informational”. A query-based approach
is usually insufficient for the tasks in focus: complex
search tasks. Especially aggregating search results from
multiple search-queries, taking into account discoveries
made in a complex search task, and synthesizing them to
some newly compiled document of information or as a
mental idea are poorly supported.

We will now first define what complex search and
complex search tasks are. We will give a scenario
of complex search, which will serve as a base for
imagination and clarification. Then, we will present
a selection of state of the art methods and concepts
addressing exploratory search. We will use the concepts
of aggregation, discovery, and synthesis to compare
these. The next section will discuss the ongoing research
and possible future directions of exploratory search,
again with a focus on aggregation, discovery, and
synthesis. We will finish this paper with a conclusion dis-
cussing the exploratory search evaluation based on these
aforementioned concepts.
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Fig. 1. Types of information needs [44].

The area dealing with complex search tasks is coined
by Marchionini in Exploratory Search (ES) [44]. A
problem with the definition of Exploratory Search is
that it is mainly defined as encompassing all aspects of
search not covered by current search. As depicted in
Fig. 1, in 2006 Marchionini defines Exploratory Search
basically as searching in a way which is not supported
by “Today’s Web Search”. As web search is of course
a very fast developing area, this is a rather unstable
definition. Therefore we want to focus in this work on
the exploratory search concepts aggregation, discovery,
and synthesis instead. Our idea is that these are the most
time consuming activities when fulfilling an information
need. We will use these three concepts throughout this
paper to evaluate different approaches in exploratory
search and give an overview of established tools to
support exploratory search and current ongoing research
in respect to these concepts.

It is important to mention that the field of interactive
information retrieval (IIR) [55], which also focuses on
a longer term search process and tries to especially
focus on breaking the separation of a search into a user
and a system, exists already longer than Exploratory
Search. IIR is very close to Exploratory Search, how-
ever Exploratory Search focuses stronger on the dis-
covery aspect in Search. Synthesis and aggregation are
not explicitly covered in IIR.

For further discussion, we have to define the terms
search task, search, complex search, complex search
task, aggregation, discovery, and synthesis. A search
task expresses a goal and a starting point for the
fulfilment of a specific information need. An example
could be “the search for Wolfgang Amadeus Mozart’s
birthday”. Of course, typing in “Mozart’s birthday”
on any current search engine will yield the user the
right answer in the first listed hit. This is definitely
not a complex task. Complex search on the contrary is
a multi-step and time consuming process that requires
multiple queries, scanning through many documents,
and extracting and compiling information from multiple

sources. An example here would be the search for all
information relevant for assessing the safety situation in
Afghanistan or an open task like finding the difference
between the two composers Mozart and Bach. We will
refer to the actual execution or execution process of
the search task, independent of fulfilling the goal to
satisfy the stated information need or not, as search. A
complex search task is the corresponding search task that
leads to a complex search activity. A (complex) search
task is therefore the description in contrast to (complex)
search itself, which is an interactive process. The search
task is the motivator of the search (process). This does
not mean that the actual search task cannot change
during a search. An example for a complex search task
would be this description: “Find the best universities
for your child wanting to study either architecture or
political science, assuming you live in Germany and
are able to support your child with 1500 EUR per
month” under an assumption that there is not yet a search
engine that just takes the social profile of a parent and
child and their preferences and monetary possibilities
as input and generates the corresponding result for this.
Nowadays, a search for such a task will still involve
a lot of aggregation of different information sources,
discovering lots of new facts of what is important in
such a search (like understanding that accommodation
is a very important cost factor to account for apart
from tuition in our university example), and the need
to synthesize all this information in a manner allowing
making a decision. A more detailed definition of
aggregation, discovery, and synthesis will follow below.

For studying search tasks, we used the following
tasks in our experiments:
1. Please find the date when Wolfgang Amadeus Mozart

was born.
2. What is the corresponding value of 20 000 Estonian

kroon in USD?
3. When was penicillin invented and by whom?
4. How do you plan a budget but still nice wedding; write

down the 20 most important points to consider.
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5. Your daughter Anna is to graduate from high school
and wants to study abroad in the field of either
political sciences or architecture. You can support her
with 1500 euro per month. Which universities can
you recommend that are affordable and will offer the
best career perspectives after graduating? Please
compile a list of 10 universities.

6. Mr. Johnson and his family are planning a trip to
Paris. Please write a summary of the following:
What cultural events are there (for example in
August 2010)? What sightseeing to do?

7. Barbara has been offered a very well paid position
in Kabul, Afghanistan. She wants to know how risky
it is to live in Kabul at the moment. Compile enough
information to have a good indication for the risk.
Cases 1 and 5 are the examples that we used to

motivate complexity of search tasks. Tasks 1–3 are
clearly easy to solve with existing search engines. Also
task 4 might be very simple to solve with the right query.
Tasks 5–7 are definitely still very complex and time
consuming. We have proven this complexity in [59].
Why do we think that tasks 1–3 are easy and tasks
5–7 are difficult? This has to do mainly with the time
spent on these tasks. The first tasks took none of the
contestants longer than four minutes. However, tasks 5
to 7 took all the contestants significantly more time.
Especially the time for task 5 summed often up to several
hours. As to tasks 4–7, all require the contestants to
compile down some kind of result. It seems that this
compiling of results is very time consuming and not so
well supported. This is the reason why we are especially
interested in examining the support for this compiling.
When taking a look at Fig. 1, we can see that only
aggregation, discovery, and synthesis are relevant for
such a compilation.

We will understand aggregation as the support for
selecting, storing, and accessing the relevant documents
for a certain aspect of a search need. It also covers
the possibility of accessing documents from a set of
relevant documents interactively with for example book-
marking techniques. Aggregation finds documents in
known categories. If we take another look at our best
university search example, aggregation here means book-
marking different university ranking sites preferably for
architecture and political science and corresponding sites
with information about tuition cost. A quite related
field of study here is Personal Information Manage-
ment (PIM) [32], which also refers to aggregation
activities: acquiring, creating, storing, organizing, main-
taining, retrieving, using, and distributing the informa-
tion. In spite of covering similar activities there are
several differences. Aggregation also covers collabora-
tion aspects and does not stick to only the personal
information space. Aggregation focuses only on the
document set that is relevant for a certain aspect of a
search need.

Discovery means the support for finding new,
relevant documents and at the same time extending
the searcher’s view of the topic towards previously

unknown, related categories and concepts. The discovery
step points the user towards interesting additional facts
relevant for an information need based on the search
already undertaken or selections made. In the university
case discovery would offer study reports of other students
in the cities selected, information about cost of living,
and maybe also about security and public transportation.

Synthesis is the support for compiling multiple
documents into one and extracting relevant information
– this means also just parts – from the already found or
selected documents. A key part of synthesis is building
summaries, which comprises information fusion and
compression [6]. We also will take a look at visualization
of documents and information in general and its impact
on these three. In the university search example, this
would be at first a good overview of necessary ranking,
tuition, and living information on the results page of the
used search engine, but also support for compiling your
own university ranking list, easily gathering snippets
from other web pages and some automatic sort function
with adaptable filters for such a personal ranking.

For further reference and imagination, we introduce
one more scenario illustrating a complex search task.
Imagine Brian and Sarah are journalists in the popular
newspaper FooTimes. They are currently working on a
political analysis article related to the conflict between
North Korea and South Korea. Sarah and Brian decide to
divide the work. Brian will search for related information
and events that happened in North Korea during the last
three-month period, while Sarah will search for events
and facts which took place in South Korea. The two
journalists want to dig out all conflict related events, the
relationships among found events, and people that were
involved in the conflicts, possible reasons of conflicts,
and other related facts. In the resulting article, they
want to describe and prove relationships between events
and give an overview of the main influencing factors.
Brian and Sarah have a week for this research task.
The journalists have to read a lot of material in detail
in order to find subtle relationships. They intend to
bring out hypotheses on various relationships and show
evidence to support them or show the rationale behind
their hypotheses.

In the given case, the journalists need to make
many search sessions, store the relevant articles and
information sources, combine them, and research rela-
tions between different events. This complex search goes
far beyond a simple look-up task and includes discovery,
aggregation, and synthesis tasks. In addition to this,
the journalists need to collaborate helping each other to
focus on the important facts.

As a first step, most journalists will try to find an
expert in the given area and have them interviewed. Let
us assume here that Brian and Sarah do not have any
contact and decide to make a simple overview of possible
reasons of a conflict between the two countries. First,
the journalists search for reliable information sources.
They start from searching for articles on major news
web portals like BBC, CNN, or Financial Times. Brian
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and Sarah also use search engines and services like
Delicious to search for local newspapers and other public
information sources like information on embassy web
sites. During the search Brian and Sarah quickly examine
information on the web pages and create bookmarks for
the relevant ones. During that activity they make notes
trying to remember the most important facts to later
find relations between the information in the relevant
documents. Every day Brian and Sarah arrange a small
meeting where they share their findings, bookmarks, and
most important – discuss the direction of the search
for the next day. After several days, the journalists
decide that they have found enough information. Their
findings can now cover the major aspects of the future
article. Starting from this point, the journalists mostly
research their collected documents and notes trying to
find the most influencing factors. Brian and Sarah print
out documents and work together making notes in the
text and discussing the influence of the found facts. They
try to combine information by drawing schemes and
discussing connections between facts relying on their
cognitive abilities. After working out and agreeing on
a set of ideas Brian and Sarah write their respective parts
of the article.

Aggregation, discovery, and synthesis aspects are
evident in this case. The work of the journalists
starts with iterations of aggregation and discovery
activities. Relevant articles and discoveries made dur-
ing the process can be used to adjust the research
direction. The complex search process then continues
with collaborative work on an overview, which is
aimed at discovering unknown relations between events.
Current tools are not focusing on discovery of unknown
facts based on a relevant document collections. This
case demonstrates the need for such tools to facilitate
discovery and support the user in hypothesis generation.
There are two challenging tasks in that case. The first one
covers the collaboration of journalists in the meetings.
During the meetings, they discover important and poorly
covered information and adjust the direction of the search
for the next day. The second is the try to discover and
prove ideas for their final article compilation.

After illustrating the flow of a complex search task
with the help of a journalist research example, we
will in the next section analyse established search tools
regarding their support for aggregation, discovery, and
synthesis.

2. ESTABLISHED TOOLS AND CONCEPTS
TO SUPPORT EXPLORATORY SEARCH

In this section we will show that when trying to improve
the support for Exploratory Search it makes sense to
look at the three aspects: aggregation, discovery, and
synthesis. We will also investigate how far current search
systems support aggregation, discovery, and synthesis
aspects of Exploratory Search. We will give examples
and relate these to the tools covered by White and
Roth [68].

White and Roth [68] highlight the following eight
features that a search system must have in order to be
used for exploratory search purposes: (1) enable under-
standing and learning, (2) querying and real time query
refinement, (3) result filtering, (4) take advantage of
the search context, (5) offer advanced visualizations,
(6) new forms of collaboration, (7) histories and progress
updates, (8) task management. In order to improve the
support for Exploratory Search, one would try to improve
the individual support for each of those features. A
closer look at them reveals that those features are quite
softly and vaguely defined. For example, both “enable
learning” and “offer advanced visualizations” can mean
a lot. They are difficult to measure. However, this would
be an important prerequisite for improvement.

In order to get an understanding of the relationship
between White and Roth’s features and the three
aspects we suggest, we juxtaposed the eight features of
Exploratory Search systems with our three main search
process steps aggregation, discovery, and synthesis
and analysed in how far the support for aggregation,
discovery, and synthesis can be derived from those
eight features. For example, if a search system enables
learning, this also means that it supports discovery (as
defined in the introduction) because discovery is a major
part of learning. Learning does not support aggrega-
tion and synthesis. Real time query refinement does
support finding more documents for a known category
and it might also point the user towards new, unknown
categories. Results filtering functionality is clearly sup-
porting the aggregation of documents for a known
category, but offers little support for discovery and
synthesis. If a system takes advantage of the search con-
text, it will also use this additional information to help
the user in finding new categories so far not known to
them. Advanced visualizations that for example make
neighbourhood relationships in information visible, also
allow the user to discover new information categories.
The last three features around collaboration, progress
updates, and task management seem to mainly improve
the efficiency of the search process in general. Yet it
is thinkable that new forms of collaboration facilitate
synthesis.

Table 1 summarizes our findings and shows that
each of White and Roth’s eight features to some extent
supports either aggregation, or discovery, or synthesis
or even all features at the same time. Yet, as already
mentioned, when trying to improve the support for
complex search tasks, starting with White and Roth’s
features does not seem to be the best choice as many
of the features have an overlap, as in the case of
“enable learning” and “offer advanced visualizations”.
Of course, offering better visualizations also improves
learning. Considering that aggregation, discovery, and
synthesis, as we have defined them, can be mapped to
White and Roth’s eight features of Exploratory Search
systems (as outlined in Table 1), we hypothesize that
improving them would automatically also enhance White
and Roth’s eight features. As the three concepts have
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no mutual overlap and are measurable, focusing on them
seems to be a more promising approach for any complex
search improvement initiative.

After justifying our suggestion to focus on aggrega-
tion, discovery, and synthesis instead of White and
Roth’s eight features, we took current search tools and
analysed them regarding their support for these three
concepts. Some of the following examples were also
partly used by White and Roth [68] in their analysis
of current exploratory search systems. We updated the
ones that are still available and supplemented them
with additional examples such as the universal search
paradigm or social search features, both recently adopted
by commercial search engines as follows.

Most of the current commercial search engines
offer dynamic query interfaces as depicted in Fig. 2.
Once the user starts entering a query into the search
window, the search engine automatically extends this
query with additional terms based on internal statistical
analysis of frequently entered search terms [33]. For
instance, typing “north korea” into Google immediately
offers to extend the query with “news, nuclear weapons,
documentary, wiki” etc. as outlined in Fig. 2. Entering
a query into a dynamic query interface helps users to
discover more than they had known before. Users would

Fig. 2. Screenshot of the dynamic query extension feature in
Google.

enter keywords that are already existing in their
knowledge space based on prior experience and those
would automatically be extended by the search engine
based on the search statistics. Those query completion
techniques have been proven to be useful for the user in
early stages of their search [67]. Apart from aggregation,
the query extension feature of current search engines
supports the discovery aspect and can therefore be used
to aggregate relevant documents for a certain aspect.
This feature does not support synthesis.

Faceted browsing (also sometimes called faceted
search or faceted navigation) allows users to explore a
collection of documents based on a predefined classifica-
tion. Each document is classified according to certain
aspects (facets) that all objects in the collection have
in common like the date of publication, author, or
topic. Those facets can be used to rearrange the set
of documents in multiple ways, enabling the user to
discover unknown aspects in a certain domain. Wilson et
al. [72] published a multicolumn-faceted browser called
mSpace Explorer as depicted in Fig. 3. It is a client for
exploring large data sets. The mSpace Explorer demo
(accessible at http://research.mspace.fm) allows the user
to browse a huge set of articles by choosing the date
and the year an article was published and the theme
and the subject as outlined in Fig. 3. We looked for
all articles in the data set that were published in 2000
in the health area, and obtained four results. We might
then also be interested in articles published in the 1920s
and also deal with this topic. We can easily filter them
out by simply changing the “decade” slider to 1920.
The data set contains 43 articles dealing with health
published during this time. The mSpace Explorer demo
illustrates the advantage for the users. The result space
categories are given to the user. All documents in the set
are classified according to those categories. The user can
systematically explore the data set.

The mSpace Explorer supports aggregation of
documents in known categories and also discovery in
unknown categories and unknown documents in those
categories. It does not support the synthesis of a set
of collected documents into a new entity. Taking our
example again, we are given all the dimensions that we
can use to explore the data set, like health, lifestyle,
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Fig. 3. Screenshot of the mSpace Explorer.

politics, and science and technology. This means that all
necessary aspects are in a way preloaded and the effort
for discovery is minimized. However, when we look at
the support for synthesis, the mSpace Explorer does not
offer any automatic functionality. After having found
our relevant set of documents we would then have to
compile, e.g. a summary, or find relations by hand.

Web searching is usually done by information
seekers alone. However, many of the search tasks that
users are confronted with could be more efficiently
carried out by working together with others. Col-
laborative search has recently been investigated by
a number of researchers [3,45,47,60]. Their kind of
search approach tries to take advantage of the col-
laborative nature of search by offering various forms
of collaboration support tools. Searching in a team
can be more effective than if done alone as stated by
Golovchinsky et al. [23]. This is mainly due to the
fact that people in a team bring in a variety of views,
perspectives, ideas, experiences, and finally keywords to
look for. Especially at the beginning of an exploratory
search task the combined experience of many users helps
to cover a search topic better and will lead to better
retrieval results [5].

Microsoft’s SearchTogether tool [46] as outlined in
Fig. 4 is an Internet Explorer plug-in that allows groups
to carry out web searches in a collaborative manner.
Once people decide they will carry out a search together
they can sign in to SearchTogether. The tool provides
two views, the contacts view and the summary view. In
the contacts view users can see each other and the search
queries they are using during searches. In the summary

view they can share relevant documents that they have
found and also add comments.

The SearchTogether tool supports discovery of new
content by its team work functionality and also assists
in aggregating relevant documents in known categories.
Other team members benefit from what their colleagues
find. The SearchTogether does not support synthesis.

Fig. 4. Screenshot of Microsoft’s SearchTogether tool.
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Despite the fact that search is usually considered to
be an activity people carry out on an individual basis,
the individual can benefit from the wisdom of the crowd.
Evans and Chi [21] define social search as follows:

“Social search” is an umbrella term used to describe
search acts that make use of social interactions with
others. These interactions may be explicit or implicit
co-located or remote, synchronous or asynchronous.
They present a canonical model of user activities

during search and show where shared information can be
beneficial to individual searchers. Also Freyne et al. [22]
demonstrate that an integration of social search and
social navigation allows users to combine their search
and browsing behaviours and provides a significant
advantage for users. Carmel et al. [13] have managed to
prove that social search based on users’ social relations
outperforms non-personalized social search. Recently
Google started to provide additional information from
social connections as outlined in Fig. 5. Based on a
query, relevant search results are retrieved by Google.
If a certain organic search result was already shared on
Twitter by somebody in a person’s Twitter network, this
person is added to the corresponding search result [60].
As illustrated in Fig. 5, the results page for the query
“cloud computing economics” shows that this result was
also posted on Twitter at the end.

This social search feature supports finding additional
content to a known category. Integrating social aspects
into organic search results does not support synthesis.

Universal search is commonly referred as “con-
textually enriching generic web search results with
results from other data sources” [54]. Big search engines

like Google or Bing have started to add more exploratory
search features to their technology. The universal search
model, first revealed in 2007, integrates document
surrogates, videos, and images in the first search
result pages and therefore offers a more complete and
comprehensive user experience [62]; for example, the
query for “Barack Obama” in Bing as outlined in Fig. 6
yields a results page showing the Wikipedia entry as the
first result, followed by some images of Barack Obama,
then the first organic search results, accompanied by
suggestions of related searches for Obama speeches and
other topics.

The support of universal search for aggregation is
high as it shows the user even different media in addition
to organic search results. It does not support users in
discovering new categories or help in synthesizing new
information.

After having given an overview of the support of
the concepts of aggregation, discovery, and synthesis
in current established search tools, we summarize our
findings in Table 2 and compare these to the functionality
of standard web search interfaces. Our analysis shows
that aggregation of information is supported to some
extent by all systems that we investigated. Aggrega-
tion means finding relevant documents in a known
category and was already supported by the classic search
interfaces of Google and Bing. Also dynamic query
interfaces, faceted browsing, collaborative search tools,
social search, and universal search interfaces do support
aggregation. Yet the question that remains is: How good
is the support and what could be improved?

Fig. 5. Screenshot of the social search feature in Google.
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Fig. 6. Screenshot of a universal search feature in Bing.

Table 2. Support of aggregation, discovery, and synthesis in current search systems

Search system Aggregation Discovery Synthesis

Standard web search interfaces yes no no
Dynamic query interfaces yes yes no
Faceted browsing yes yes no
Collaborative search tools yes yes no
Social search yes no no
Universal search interfaces yes yes no
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Discovery is not supported in standard web search
interfaces, as those only allow users to enter keywords
that they already know. First support for information
discovery is given by dynamic query interfaces, col-
laborative search tools, faceted browsing, and uni-
versal search interfaces. Discovery means learning
unknown aspects in a new domain. Faceted brows-
ing supports discovery as all the documents in a
repository are classified by hand along various relevant
dimensions. Hence the important aspects and concepts
of a certain domain are made evident and can be explored
accordingly. Of course faceted browsing requires a
significant amount of human input in advance in order to
make a set of documents searchable this way. Discovery
can either be done automatically (where the dynamic
query interfaces use query statistics to extend queries)
or it can be achieved by enabling people to collaborate.
As people have different knowledge about a domain,
“short circuiting” their brains will help the involved
information seekers to extend their knowledge spaces.
Universal search interfaces enable discovery insofar as
they present a selection of different media (document
surrogates, images, and videos) to the reader and hence
increase the probability of discovering new aspects.

When it comes to synthesis, our survey showed that
this aspect of exploratory search is very poorly supported
in present search systems. This task also has not received
enough attention from the scientific community.

It needs to be stated at this point that the support
for aggregation and discovery of current established
search systems is just taking root and a lot of room for
improvement is still evident. After having investigated
the support for aggregation, discovery, and synthesis in
established search systems, in the next section we want
to present a selection of ongoing research that is being
carried out in this area.

3. ONGOING RESEARCH

This section will give an overview of the research that
is being carried out in the area of exploratory search
and the respective support of aggregation, discovery, and
synthesis.

3.1. Aggregation

In this section, we will give an overview of the
aggregation aspects in current research related to web
search. The term information aggregation is mainly
used in the economics domain for the idea that markets
have the ability to aggregate and reveal dispersed
information [51]. Aggregation of information in the con-
text of search can be described by activities like select-
ing, storing, and maintaining data objects. However,
when we describe complex search task evaluation
in the Exploratory Search domain we need to add
an important property for the retrieved and stored

document collection: documents should be relevant to
the information need. We want to especially highlight
that aggregated documents can be irrelevant to the initial
task, but can still be relevant to the information need
as the information need is static and the initial task can
change during the search because it is highly dependent
on new information discoveries. It is important to
keep the relevance property in mind when we look at
applications in the area of social bookmarking. One of
the best examples is social bookmarking services like
del.icio.us [28,37], which provide users with already
aggregated collections relevant to a certain topic. These
collections can become a great help if the topic
corresponds to the search task of the search session [73].
The idea behind the social bookmarking services is
simple and relies on the fact that an information need
can be shared among a group of users and thus support
implicit collaboration [64]. Recent research concerning
the collaborative aspect of search [52] states that
collaborative search can outperform post hoc merging
of similarly instrumented single user runs. Thereby,
aggregation of the relevant information objects and
further activities related to the data maintenance are
likely to have collaboration support during the whole
process, and social bookmarking is one of the example
realizations of this concept.

Another successful information aggregation applica-
tion is the web project Twitter [31] where participants
can receive textual information from different sources
including already aggregated information of other
participants. Recent research [50] on the Exploratory
Search application TweetMotif is a good example of the
presented classification. TweetMotif can be considered
as a try to utilize Twitter as an information aggregation
platform and perform discovery tasks based on it.

Social networks like Facebook undoubtedly pose a
growing source of information. For example, looking
at the news feed section of Facebook, all the posts and
posted media can be seen as an aggregation process.
However, just taking Facebook’s news stream is not
aggregation as we understand it as the posts and posted
media lack the relevance for a certain topic. Hong et
al. [30] published a tool called FeedWinnower, which is
an enhanced feed aggregator to help people filter feeds as
the aforementioned one. Users can select topics, people,
sources, and time. Use of FeedWinnower would then turn
a feed of potentially relevant documents into relevant
ones and hence can be seen as implicit collaboration in
our narrower sense.

A quite related model that should be mentioned
here is called berrypicking [10]. It describes techniques
where users move through a variety of sources, and
each new piece of information gives them new directions
to follow as well as ideas for their next queries. The
term berrypicking is used as an analogy to picking
blueberries in the forest where berries are scattered on
the bushes. This model can be used to describe the
iterations of aggregation and discovery activities for a
specific information need and corresponding evolving
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search task. Each such iteration consists of relevant
data aggregation and discovery tasks performed using
the aggregated relevant set. The search task can change
after performing the discovery tasks and documents can
become irrelevant. However, the influence of discoveries
to the search task evolution does not necessarily mean
rejection from all previously aggregated documents.
Some documents can still be relevant and the aggregated
relevant set can include documents from different itera-
tions. Thus, berrypicking demonstrates that the aggrega-
tion activity is driven by discoveries and search task
evolution.

3.2. Discovery

In this subsection we will take a close look at current
research supporting information discovery. “Information
discovery” is referred to generating new ideas while
browsing relevant information [35]. Information dis-
covery is one of the key elements of information
search, on and off the web. Due to the commercial
success of current search engines it is difficult for
their users to judge what search needs they should be
used for and where their limits are. Schraefel [57]
gives a list of approaches that support more complex
search and knowledge building, which contains amongst
others “knowledge building by association” (connecting
formerly disconnected domains), “annotations and
notes” (context dependent additional information for
documents and document collections), “history review”
(allows following the paths an information seeker has
taken), and “collaborative knowledge building” (sharing
progress in brainstorming and search sessions).

All these approaches do not follow the current
search paradigm, which is tuned towards optimizing
precision, offering a set of most relevant documents
for each query. As Crimmins et al. [16] already
diagnosed in 1999, “it is impossible to achieve both
high precision and high recall in a Web search because
of the size and the diversity of the Web’s contents”.
Since then the size of the web has multiplied. A very
specific aspect of discovering information relates to
information seekers entering a domain new to them.
With no or little domain knowledge such an information
seeker is at risk of not taking very relevant aspects
of a search problem into consideration [57]. There are
different approaches to support the discovery of formerly
unknown aspects, some are automatic approaches, others
are human-supported ones. El-Arini and Guestrin [20]
offer an automated approach for discovering additional
aspects to a specific information seeking problem. The
information seeker can take a set of relevant papers
and use this set as a “query”. The system will then
suggest additional papers that “the information seeker
should also read”. Koh et al. [36] developed a system
to support creativity in learning by enabling information
discovery and exploratory search. With their system
called “combinFormation” users are able to make

clippings of found documents, arrange them on the
screen, and also add conceptual relationships.

Social search is a human-supported way of discover-
ing unknown aspects for a search problem. There is
one group of approaches that tries to use social annota-
tions [7] such as bookmarks from bookmarking sites
like del.icio.us to enhance the ranking algorithm. Those
approaches fall into the classical search engine paradigm
that tries to find “the” optimal document for a single
query and hence does not help much on the discovery
side.

The second group of approaches tries to take
advantage of the collaborative nature of search [3,45,60]
by offering various forms of collaboration support
tools. One such approach is a commercial offering
called Haystack.com, which enables users to easily
share documents that they have found during their
searches, re-find documents that they had already found
before, and organize their searches better [60]. Another,
a more academic approach, is called CoSearch [3].
This approach uses common standard hardware and
enables users to work together at a single computer
with multiple mice attached. CoSearch comes with
a special colour coded user interface. Each user can
click search results which are then put into a page
queue. SocialSearchBrowser [14] is a tool that tries to
turn mobile devices into social search and information
discovery tools. It enables users to share queries and
interactions with peers and ask them questions, filters
what queries are displayed based on the level of friend-
ship, and maps questions and answers on a Google map
interface.

There is one more group of approaches based on the
advanced information visualizations that can be personal
and collaborative. One of the approaches is visualization
of document relations using graphs. The main feature
of graphs is their focus on the information relationship.
Sometimes it becomes an important shift in the data
representation to spot unknown facts. It can be seen
that certain search tasks are solved better with graph-
based representation using TouchGraph [19] (see Fig. 7).
Exploratory search information visualization focuses on
the visual representation of large data collections to
help people understand and analyse data [68]. In graph-
based representation this property can be implemented
by graph clustering and 3D graph visualization [71]. In
many cases 3D graphs can outperform 2D graphs [38].
The 3D Graph Explorer (3DGE, accessible at
http://graphexplorer.ulno.net) represents a 3D applica-
tion that visualizes the directed graph with a 2.5D lay-
out (see [29] for a 2.5D layout example) and provides
a possibility of exploring the graph data (see Fig. 8).
This application offers 3D graph-based visualization to
explore data relations to support discovery tasks as well
as hypothesis generation.

According to the list of exploratory search system
features (see Section 2 above and Chapter 4 in [68]),
the software should offer visualizations to support insight
and decision making: systems should present customiz-
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Fig. 7. Screenshot of TouchGraph.

Fig. 8. Screenshot of the 3D Graph Explorer prototype.

able visual representations of the collection being ex-
plored to support hypotheses generation and trend spot-
ting. Drawing graphs is an efficient technique to explore

complex object relations and thus helps users to generate
hypotheses based on the explored relations. Thus, graph-
based representation is helpful for discovery tasks.
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Fig. 9. Screenshot of XanaduSpace application.

Graphs can also be used as a data structure. One
of the most famous projects that employs graph-based
structuring for document storing is the Xanadu project,
which was founded in 1960 by Ted Nelson (project info
is accessible at http://www.xanadu.com/). The Xanadu
project proposes a system with a way for people to store
information not as individual “files” but as a connected
literature with an ownership identification for every piece
of created data (see screenshot of demo application in
Fig. 9). However, the project was not as successful as
hoped and lost competition with the World Wide Web1.

3.3. Synthesis

Synthesis is commonly referred as combining parts of
separate items into one single and new entity. A
definition which fits our view is given by Amigó et
al. [4]. They define synthesis as “the process of (given
a complex information need) extracting, organizing
and inter-relating the pieces of information contained
in a set of relevant documents, in order to obtain
a comprehensive, non redundant report that satisfies
the information need.” In their report they compare
summaries of several documents created by humans
with automatic summary generation. They prove that
the information synthesis task is not a standard multi-
document summarization problem.

However, summarization is currently the most
tackled synthesis technique in research. Nenkova et
al. [49] state three main tasks in a summarization
process, which are (1) content selection; (2) information
ordering; and (3) automatic editing, information fusion,

and compression [6]. Regarding content selection, a
key challenge is to find an answer to the question:
What is a document about? In order to find the topic
of a content, researchers mainly apply mathematical
models, amongst others word frequency models [42,48],
lexical chains [8,56], latent semantic analysis [24,26,61],
and content models [27]. Qazvinian and Radev [53]
published a novel approach to summarize scientific
articles. Their automatic clustering method allows
generating common themes among a subset of research
papers that are co-cited.

As far as information ordering is concerned, it
has not received enough attention from the scientific
community. The challenge is to organize the selected
information so that text summaries are still coherently
readable. Barzilay and Elhadad [9] investigated a multi-
document summarization scenario in the news genre.
They tested the chronological ordering algorithm against
a majority ordering algorithm (keep the order of facts as
it is in the majority of the documents) and found that
majority ordering is the more promising strategy.

Research papers do not currently cover other aspects
of synthesis like conclusions drawn or prior knowledge
of the candidates integrated into a synthesis report. Using
different visualization techniques like graphs or diagrams
for synthesizing information is not well studied as yet
either.

3.4. Metrics and evaluation

This section (based on [59]) gives an overview of
established evaluation methods in the areas of classical
search engine performance measurement, user search

1 Or to be more precise, to developments taking place in computer history from the 1960s to today.
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experience research, and Exploratory Search. It high-
lights important usability metrics for aggregation, dis-
covery, and synthesis. It also discusses evaluation sug-
gestions for complex search tasks.

The study methods used in information retrieval (IR)
can be divided into two main groups: juror based studies
and click-through data based studies. In juror based
study methods to measure the retrieval effectiveness
of IR systems, a static set of documents plus a set
of queries are taken and the respective results are
evaluated by jurors (see [39]). This so-called Cranfield
methodology [15] is widely used to evaluate IR systems.
The Text Retrieval Conference (TREC) chose it as the
main paradigm for its activities of large-scale evaluation
of retrieval technologies [66]. Many of the measures
used in established methods to evaluate search engines
and their performance on a technical level, like relevance
and recall (see [40]), leave out important user-related
aspects.

There are different established ways to capture
user experience. Conducting studies by applying user
survey techniques is a relatively easy way to gather
user feedback – demographics about the users are
available and asking detailed questions is possible.
Laboratory experiments are commonly used to capture
user experience to the very detail. The experiments are
carried out in a laboratory setting in the presence of
an interviewer. Although laboratory studies and also
user surveys have the advantage of comprehensively
capturing the user experience and additional information
about the users is available (like demographics), both
impose the risk of a user trying to look better in a
laboratory environment (depending on the formulation
of the questions and the interviewer). In addition,
as laboratory experiments are costly, sample sizes are
often small. Hence they are mostly not sufficiently
representative. Complementary approaches to laboratory
experiments are log file analysis and live ticker inquiry
analysis. Search engines provide huge amounts of data
out of their everyday operations and hence sample sizes
are sufficiently large. However, other problems arise:
log files are anonymous data files that lack any kind
of user feedback or additional demographic information
about the users like gender, age, or profession, or the
beginning, end, or nature of a search [25,58].

New web-specific measures to better reflect current
search trends have been developed. Yet those are still
limited in giving a comprehensive quality indication
of present web search services [17,43,65]. A search
engine quality measurement framework that reflects
the system-centric approach and also the user-centric
approach by taking into consideration index quality,
quality of the results, quality of search features, and
search engine usability was proposed by Lewandowski
and Höchstötter [41]. Their main argument is that for
measuring the user experience empirical studies are
indispensable. While IR mainly follows the query–
response paradigm (considering one single query and its
resulting documents at a time), interactive information

retrieval (IIR) [55] focuses on the search process,
and exploratory search [68] comprises more complex
activities such as investigating, evaluating, comparing,
and synthesizing. Especially for such activities
researchers are striving to integrate the user into
the measuring process as can be seen in the TREC
Interactive Track [18] or TREC High Accuracy Retrieval
of Documents Track [2]. The main issue so far is
the repeatability and comparability of experiments on
different sites. In an exploratory search context, cover-
ing as many aspects of a topic as possible is equally
important to optimizing for relevance in classical IR,
where precision is the main performance measure [63].
In order to carry out evaluation experiments, researchers
have suggested developing special measures for
exploratory search systems [11]. The following
measures were identified as being appropriate [70]:
(1) engagement and enjoyment, (2) information novelty,
(3) task success, (4) task time, and (5) learning and
cognition.

Finally it is important to mention that time is an
especially important aspect not to be neglected when
trying to evaluate exploratory search systems. Because
exploratory search sessions dealing with exploratory
search tasks can span over days and weeks, long-
term studies are essential in order to get realistic study
results [34]. As measuring exploratory search tasks is
a more complicated endeavour than measuring search
at the query level [34], Singer et al. [59] present
a new evaluation method and a corresponding tool
for evaluating exploratory search tasks. Their user-
centred approach tries to narrow the gap between
evaluation methods purely focused on technical aspects
and expensive laboratory methods. The Search-Logger
tool can be used to carry out task-based user studies
independent of a laboratory environment. It collects
implicit user information by logging a number of
significant user events. Explicit information is gathered
via user feedback in the form of questionnaires before
and after each search task. The method tries to answer
the following research questions (amongst others): What
are characteristics of exploratory search tasks? Is it
possible to measure the complexity of an exploratory
search task and if yes, how? How much do current
search tools support exploratory search? What is the user
experience when carrying out exploratory search tasks
with current means? Can information needs be classified
in terms of search tool support?

When taking into account the aforementioned
performance evaluation methods and reviewing their
applicability for establishing metrics for aggregation,
discovery, and synthesis, we suggest that a complex
task evaluation be divided into three sub-tasks and
propose that separate measurements be performed
on aggregation, discovery, and synthesis aspects of
the application. Powerful aggregation tools do not
necessarily lead users to discoveries just like hundreds
of relevant bookmarks do not automatically give an
overview of the complex problem. Similarly, the
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discovered facts are not automatically ordered and
compressed in a meaningful way, which is performed
during the synthesis task. With the classification we
present in this article, we propose that these concepts
be separated during the evaluation of applications
supporting complex search tasks to achieve more
consistent results. As for aggregation tasks document
surrogates are essential, graphs usually do not present
enough information to be a helpful tool for aggregating
relevant documents. The same does not hold true for
discovery tasks. Here graphs enable the searcher to find
unknown relations between relevant documents already
found.

For all three aspects (aggregation, discovery, and
synthesis) we consider using formative usability studies
to focus on application design issues and to generate
recommendations for improving their support in search
tools. The overall task effort, time, and performance
are important for the aggregation tasks. The same
usability metrics can be used for the discovery tasks, but
the most important measure would be the efficiency of
cognition and learning of unknown facts in the relevant
information set. Another important usability metric is
user satisfaction in terms of how well the discovery
tools were able to inform the user about the aggregated
documents. The first two sub-tasks, aggregation and
discovery, are iterative, meaning that the user may return
to the aggregation activity after discovering a new fact.
Thus, we need to consider this behaviour as a standard
work-flow during the task progression. In this case
it could be important to measure how fast and how
many relevant documents the user was able to cover
with discovery tools during one iteration. Synthesis is
usually the final task, when users unite their findings
and compile the resulting document. It can be omitted
and depends on the search task, because the information
need does not necessarily require a resulting document
compilation. Thus, the synthesis task evaluation is
more straightforward, but depends on the application’s
aggregation features, that is how well the application
supports manipulating aggregated document parts and
discovered (e.g. images from the visual discovery tools)
information. In the case of synthesizing texts, we can
again use the overall effort, task time, and quality metrics
to evaluate the efficiency of this summary step.

4. CONCLUSION

In this paper we present a focused view on the area
of Exploratory Search. Exploratory Search combines
all research on search tasks which are weakly covered
by the classical query–response paradigm. It claims to
especially cover open-ended complex search processes,
discovery, and learning. As this definition encompasses
a very vast and quickly changing field due to the
fast progress in classical information retrieval, we are
focusing in this paper on measurable and time consuming
aspects of complex search: aggregation, discovery, and

synthesis. The roots of the presented aspects go back
to the work by Marchionini, who coined the term
Exploratory Search in 2006 [44].

The present paper takes the three concepts aggrega-
tion, discovery, and synthesis, defines them, and argues
that actually they are the main steps in the process that
Marchionini calls Exploratory Search. It does so by
proving that those three concepts can be mapped to
Marchionini’s features of Exploratory Search systems,
by analysing how well those aforementioned three
concepts are supported in established search tools, and
by covering ongoing research in the respective areas. It
uses a show case example (from the journalism domain)
and clearly points out the aggregation, discovery, and
synthesis aspects to highlight the lack of their support.
Further on, it tries to motivate the importance of the
concept of Exploratory Search, but as its definition is
vague, sets the focus on aggregation, discovery, and
synthesis as the main pillars of complex search. This
gives a clearer view on the challenges in this area
of search. When analysing current search tools with
regard to their support for aggregation, discovery, and
synthesis, our main findings were that the concept of
information aggregation is supported to some extent by
all systems that we investigated. Aggregation means
finding relevant documents in a known category and
was already supported by the classical search interfaces
of Google and Bing. Also dynamic query interfaces,
faceted browsing, collaborative search tools, social
search, and universal search interfaces do support
aggregation. However, we believe that even the support
for aggregation is just in its initial stage and could
theoretically serve users better (like offering users ways
to remember and interrelate what documents they have
aggregated in a search process). As to discovery, we
found that it is nearly not supported in standard web
search interfaces and that first support for information
discovery is given by dynamic query interfaces, col-
laborative search tools, faceted browsing, and universal
search interfaces. Discovery is only supported on a
very low level, and we believe that for example graph
visualization techniques will tremendously impact the
field of information discovery in the middle and long
term. When it comes to synthesis, our survey showed
that this aspect of Exploratory Search is not supported at
all in the present search systems. Information synthesis
comprises amongst others the steps of information order-
ing, automatic editing, information fusion, and informa-
tion compression. All these aspects require heavy use
of artificial intelligence and research in those areas has
not progressed far enough to come up with commercially
usable solutions.

Our review of the ongoing research in the respective
areas shows that regarding improving the support for
aggregation, promising approaches are coming from the
areas of social search and collaborative search. Also
on the discovery side, domain-specific solutions (e.g.
for repositories of research papers) and collaborative
as well as graph-based approaches have produced
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interesting prototype solutions. Synthesis, as the least
supported feature, is tackled by researchers by applying
mathematical models (e.g. frequency models, lexical
chains, and content models), and some interesting
articles on automatic summary building seem to point
into the right direction.

We hope that the analysis of aggregation, discovery,
and synthesis in complex search made in this paper will
focus researchers on those concepts more when trying to
analyse complex search tasks and can offer them a more
concrete, better measurable, and less vaguely defined
research framework than the concept of Exploratory
Search does.
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Kompleksotsing: agregatsioon, avastamine ja süntees

Georg Singer, Dmitri Danilov ja Ulrich Norbisrath

Otsingumootorid Google, Bing ja Yahoo ning erinevad veebiprojektid, näiteks Wikipedia, on muutunud peamisteks
allikateks internetist otsingute tegemisel. Koos otsingumootorite kasvava populaarsusega on akadeemiline huvi
nihkunud lihtsate look-up-tüüpi päringute analüüsimisest keerulisemate otsimisvajaduste analüüsimisele. Praegused
otsingusüsteemid toetavad kompleksotsingut tunduvalt nõrgemalt kui look-up-otsingu mudelit. Eriti halvasti on
toetatud mitme päringutulemuse koondamine, selle protsessi jooksul tehtud avastuste arvessevõtt ja leitud info sün-
teesimine uueks tulemuseks. Otsingumootorite võimetus anda keerulistele probleemidele adekvaatseid vastuseid
motiveerib teadlasi arendama uusi infootsimistehnikaid.

Me keskendume selles artiklis kolmele uuriva otsingu mõistele – agregatsioon, uue info avastamine ja süntees –,
kuna me leiame, et tänapäeval on just need kõige aeganõudvamad otsingutegevused, eriti kui täidetakse mitmekülgse
info vajadust. Me kasutame neid kolme mõistet kogu artikli jooksul erinevate uuriva otsingu lähenemisviiside klassi-
fitseerimiseks, olemasolevate lahenduste hindamiseks ja otsinguvaldkonna uuringutest ülevaate andmiseks.


