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Abstract

Collaborative search, where the activities of multiple users are combined to
satisfy their information need, is an effective tool to to handle complex search
tasks. People search collaboratively in groups of varying sizes. Various col-
laborative search systems have been studied in previous work, but they only in-
vestigate a fixed group size. Therefore, the impact of group size on retrieval
effectiveness in collaborative search is an open research question.

We investigate the effect of group size on retrieval effectiveness in collabo-
rative search in a crowdsourced study with a total of 305 participants, in groups
varying in size from one to six. We use a web-based system for collaborative
search in this study called SearchX. We extended SearchX with two features
for algorithmic mediation, which aims to support users in division of labour and
sharing knowledge with collaborators. We investigate three variants of our sys-
tem with and without features for algorithmic mediation to investigate its effect
on retrieval effectiveness for groups of varying sizes.

Our results show that the group recall increases linearly with group size.
In contrast to a previous simulation study by Joho et al. [20] we do not find
diminishing returns in group recall with increasing group size, suggesting that
larger groups may increase group recall further. We also find that the investigated
algorithmic mediation features do not significantly affect retrieval effectiveness.
We conclude that the simulation results do not translate to our study, and that
future collaborative search systems should be designed while taking the effects
of mediation features on real users into account.
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Chapter 1

Introduction

People have studied how to organize and retrieve information for hundreds of years
in the field of library science [46]. With the advent of computing, and in particular
the Web, the amount of information that could easily be accessed exploded. Search
has become a daily activity for many people [24]. They not only use search engines
to look up specific facts, but also for much more complex activities such as learning,
planning trips, and scientific research. These search activities have been characterized
as Exploratory Search: search activities where the user’s information need is initially
not well defined and constantly evolving [24].

One way to answer complex information needs is to search together with other peo-
ple in collaboration. By collaborating with others, users can divide work [9]. Collab-
oration also allows users to benefit from pre-existing knowledge and expertise among
members of the group [38]. For other activities, such as planning a trip, the goal of the
activity is inherently collaborative. Search activities where the product of the activities
of multiple people are combined to satisfy their information need are referred to as
Collaborative Search [30].

A way to characterize the different types of collaborative search was was proposed
by Golovchinsky et al. [12] and extended by Morris [29]. It characterizes collaborative
search according to 6 dimensions:

• Intent: explicit vs implicit. During explicit collaborative search users are aware
of the fact that they are working together in a group towards a common goal,
while implicit collaborative search refers to techniques such as recommending
similar items to similar users.

• Mediation: user interface vs algorithms. User interface-based mediation gives
users tools to help them collaborate, but mediation features can also be built
into the algorithms of the search system. The latter is referred to as algorithmic
mediation.

• Concurrency: synchronous vs asynchronous. In a synchronous collaborative
search session users are collaborating at the same time, while asynchronous
search takes place at different moments in time.

• Location: co-located vs remote. Co-located collaborative search takes place on
the same device or a system of connected devices in close physical proximity.
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Introduction

For remote collaborative search, users can be separated by large distances and
their devices are connected over the internet.

• Role: symmetric vs asymmetric. During symmetric collaborative search all peo-
ple in the group have equal roles, while asymmetric collaborative search gives
users different roles. This allows the group to benefit from the expertise of indi-
vidual members, but may require unavailable information about the users.

• Medium: PC vs emerging devices. Emerging devices includes all mobile de-
vices such as smart phones and tablets.

In this work we focus on explicit collaborative search among a group of people
who are remotely located and connected over the internet. We consider both user
interface as well as algorithmic mediation features. The collaborative search system
we use does not employ asymmetric roles, and is intended for use with PC’s.

Morris [28] surveyed user behaviour related to collaborative search in 2006, and
2012 [29]. They found that the percentage of people who search collaboratively on a
daily basis increased over ten-fold from 0.9% in 2006 [28] to 11% in 2012 [29]. The
size of groups in which people search collaboratively varies. In 2006 only 19.3% of
the surveyed users searched in groups with a size larger than 2 [28], while in 2012
this grew to 68.8% [29]. This increase shows that people frequently search in groups
larger than 2 people, and the frequency of search in larger groups is increasing. How-
ever, there are challenges with searching collaboratively in groups. Kußmann et al.
[22] found that users spend a significant amount of time on communication and mon-
itoring other group members to orchestrate which activities the various collaborators
perform. As groups grow in size, this orchestration becomes more and more difficult,
and communication between group members can start taking up a significant amount
of time. Because this time cannot be used for search activities, it incurs a communica-
tion overhead on the search activity [9]. How well collaborative search activities scale
to larger groups has only previously been studied in a simulation study Joho et al. [20].
It is therefore an open research question how well real groups of users scale in terms
of retrieval effectiveness.

Even though the effect of group size has not previously been studied extensively,
approaches have been developed in collaborative search that can help to alleviate com-
munication overhead. One approach is to give users tools to communicate more ef-
fectively. These are referred to as interfaced-based collaboration features. Although
interface-based features may help with communication, the users still need to spend
time and cognitive effort to use the features. Another way to alleviate communication
overhead is to include techniques and algorithms in the search system that help to me-
diate which activities the group members perform. This is referred to as Algorithmic
Mediation [11].

The main goal of this work is to study the impact of group size on collaborative
search. To this end we have performed a crowdsourced experiment with our online
system for collaborative search SearchX. We investigate the impact of group size on
collaborative search with and without features for algorithmic mediation.
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Introduction 1.1 Collaborative Search

1.1 Collaborative Search

People can interact with others in various ways during a search activity. In the broadest
form, these interactions are known as social search [7]. The subset of social search
where users work together to satisfy an information need is known as collaborative
search [36]. Collaborative search has been shown to be an effective way to help the
user satisfy complex information needs, i.e., information needs that are explorative,
open-ended and multi-faceted [36]. The domains in which collaborative search has
been shown to be an effective solution are varied, such as patent research [15], travel
planning [28], and personal health [29].

An important property affecting collaborative search is the size of the collaborating
group. Even though users frequently collaborate in groups larger than 2, much existing
research is focused on groups of size 2 [3, 21, 30, 33, 19, 38, 39, 40, 42, 16, 2, 17, 14,
37]. Even if larger groups are considered, they are usually of a fixed size [1, 31, 5, 32].
These studies can not provide insight into the relationship between group size and the
collaborative search process. Joho et al. [20] considered group size as a factor in a sim-
ulation study. They investigated the retrieval effectiveness of explicitly collaborating
groups of sizes up to five, by comparing various ways of assigning documents to users
with and without algorithmic mediation features. Their results show that larger group
sizes lead to higher search effectiveness in a recall-oriented task, albeit with diminish-
ing returns. It is an open question how well these findings translate to the real world. A
simulation always has limitations, one example in this case is that all relevance judg-
ments by users were assumed to be correct. Another aspect that was not covered by
the simulation is the cognitive load that may be experienced by users. We hypothesize
that as groups grow in size, the increase in cognitive load that is likely required to co-
ordinate the users actions with others in the group may affect their behaviour. Previous
studies have shown that coordination efforts can take up a significant amount of time
during collaborative search [9, 22].

1.2 Algorithmic Mediation

Algorithmic mediation features mediate work through the algorithms that are used to
determine what results are shown to the user. This way, work is mediated without
requiring the user to spend time communicating with others to coordinate the search
activity. Algorithmic mediation can therefore be used to support collaboration by re-
ducing the cognitive load due to coordination efforts [9]. There are two main types of
algorithmic mediation: Division of Labour and Sharing of Knowledge [9].

Division of Labour refers to any process which helps the users in a group share
their workload. The aim is to divide the work in such a way that redundant work is
minimized. Work can be split in different ways. One way is to split the result space,
assigning part of the documents to one user and part to another [9]. Another way is
to give users different tasks in the search process, such as letting one user find new
documents and having another examine them in-depth [11].

Sharing of Knowledge refers to any process that supports collaborating users to
exchange information in the group [9]. This may help the group to evolve their under-
standing of the information need, by exchanging ideas between users. Search can be
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regarded in this sense as a learning process [18]. Various interface level features for
sharing of knowledge have been studied. However, these features run the previously
mentioned risk of incurring a communication overhead on the users [9]. Algorithmic
mediation features that support sharing of knowledge have also been proposed. Both
Foley and Smeaton [9] and Joho et al. [20] have explored sharing of knowledge by us-
ing the relevance judgments of users to share knowledge in the group implicitly. They
do this through shared relevance feedback, where the documents that each user marks
relevant affect the results of later searches.

1.3 Research Objective

We consider the following research questions in this work:

RQ1 What is the impact of group size on retrieval effectiveness in a collaborative
search session?

We study this question by setting up a crowdsourced experiment with real users.
The users are assigned to groups of varying sizes. The groups are given a task with
a pre-defined information need, and are instructed to collaborate to execute the task.
Retrieval effectiveness of the group is investigated. We expect the following hypothe-
ses related to this research question to hold based on a simulation study by Joho et al.
[20]:

H1.1 Group recall increases with increasing group size, with diminishing gains.
H1.2 For topics with a higher number of relevant documents, increased group size

will have a relatively higher impact on group recall (as it takes more work to find all
relevant documents).

H1.3 A large group size is more useful early in the search session, with improve-
ment in recall over lower group sizes decreasing as the search session progresses.

RQ2 How can features for algorithmic mediation be integrated in a collaborative
search system and how do those features affect retrieval effectiveness in a collabo-
rative search session?

We implement various features for division of labour and sharing of knowledge
that have been shown to perform well in a simulation study [20]. Since the features
have only been tested in a simulation, translating them to a real system is a non-trivial
task. For example: only showing users unjudged documents may confuse them, be-
cause the results that they get will change and become seemingly less relevant over
time (because documents judged as relevant are removed from later result lists). We
investigate variants of our system with various mediation features and compare re-
trieval effectiveness between them. We expect the following hypotheses related to this
research question to hold:

H2.1 Division of labour across a group of users increases their group recall, the
effect is consistent across group sizes.

H2.2 Sharing of knowledge in a group of users increases their group recall, the
effect is consistent across group sizes.
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RQ3 What is the impact of group size on user behaviour in a collaborative search
session?

Because the impact of group size in a collaborative search group has only been
studied in simulation studies, its impact on user behaviour is an open research ques-
tion. We therefore explore various aspects of user behaviour in our experiment in an
exploratory fashion.

1.4 Approach

In order to investigate our research questions, we extended our collaborative search
framework SearchXwith algorithmic mediation features. We designed a crowdsourced
study with 305 participants. The main dependent variable of our study was group size.
We investigated groups of 1, 2, 4 and 6 collaborating searchers.

Participants in our study were asked to perform a recall-oriented search task, with
topics selected from the TREC Robust track from 2005 [45]. Each group was given
three topics in a random order, and asked to find as many relevant documents as possi-
ble in a time span of 10 minutes. Topics were selected to be difficult in order to mimic
a complex real-world scenario where groups may benefit from collaboration.

1.5 Scientific Contribution

The main contributions of this work are:

1. An open-sourced implementation of both interface and algorithmic mediation
features that facilitate division of labour and sharing of knowledge in a web-
based system for collaborative search.

2. An empirical investigation with crowdworkers into the effect of group size on
collaboration.

1.6 Main Findings

The main findings of this work are:

1. We find that most prior simulation-based results on the impact of group size on
behaviour and search effectiveness do not hold in our experiment.

2. We find linear gains in retrieval effectiveness with increased group size in a task
with a difficult topic; i.e. we do not find diminishing returns with increasing
group size. This is in contrast to previous simulation studies, and suggests that
explicit collaboration may benefit from even larger groups.

3. We find that algorithmic mediation features for division of labour and sharing
of knowledge do not lead to a significant increase in retrieval effectiveness, and
discuss various causes for this behaviour. This is also in contrast with previous
simulation studies.
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1.7 Outline

We describe related work in detail in Chapter 2. In Chapter 3 we describe how we
extended our system for collaborative search SearchX to include algorithmic medi-
ation features and other required modifications for the experiment. In Chapter 4 we
describe the research design and in Chapter 5 we describe and discuss the results of
the experiment. Lastly, we draw conclusions from our research in Chapter 6.

1.8 Publications

During the work for this thesis the author has contributed to the following papers that
have been published or are in the process of being published.

1. Sindunuraga Rikarno Putra, Kilian Grashoff, Felipe Moraes, and Claudia Hauff.
On the development of a collaborative search system. In DESIRES ’18, 2018
Full conference paper that describes version 0.1 of SearchX. The author con-
tributed to the development of the system.

2. Felipe Moraes, Kilian Grashoff, and Claudia Hauff. On the impact of group
size on collaborative search effectiveness. Information Retrieval Journal, 2019
(accepted for publication)
Full journal paper that investigates the same research questions as this work.
The author contributed to the development of the system, research design, con-
ducting the experiment, and data analysis.
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Chapter 2

Related Work

In this chapter we describe related work on collaborative search. We first describe
types of search, and then describe collaborative search in more detail. We describe
various systems for collaborative search, and compare the system that was used in this
work SearchX to previous systems. We finish the chapter by describing previous work
related to group size and algorithmic mediation.

2.1 Types of Search

Marchionini [24] classified three kinds of search activities: lookup, learn and investi-
gate. In lookup search, the user has a clearly defined information need. For example,
the user could be looking for the answer to a specific question, or looking up a spe-
cific web page. During a learning activity, the user aims to learn information about a
given topic. Here, the information need is less clearly defined: the user does not yet
know what specific information they aim to learn. Investigation activities are charac-
terized by iterative searches over a longer period of time. After the user has acquired
information, they formulate new ideas and hypotheses, and perform new searches to
investigate further. Both learn and investigate tasks involve what Marchionini [24] de-
scribed as exploratory search: search where the information need may not initially be
clearly defined and evolves throughout the search process. Because learn and investi-
gate activities are complex and iterative in nature, users can benefit from collaborating
in a group [36].

2.2 Collaborative Search

Users frequently engage in collaborative search activities to conduct complex and ex-
ploratory search tasks [29, 38, 9]. They often perform these collaborative search ac-
tivities using tools that are designed for single-user search [43, 31, 29]. Popular com-
mercially available tools for single-user search such as Google or Bing currently do
not support exploratory search well [24]. For example, they do not show a history of
recent queries on the results page, which could help users evolve their understanding
of the information need. Commercially available tools also do not support explicit
collaboration [28]. This has a number of disadvantages. Users are not aware of the ac-
tivities of collaborators, and may therefore duplicate work. If users want to exchange
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knowledge with collaborators, they have to use external collaboration tools, which do
not integrate with the search engine.

Morris [28] investigated the behaviour of users related to collaborative search in a
survey conducted in 2006 [28], and subsequently in 2012 [29]. The surveys differed in
approach. The 2006 survey was held among 204 Microsoft employees, while the 2012
survey was performed online with 167 participants. An important finding of these
surveys was that the frequency of collaborative search increased significantly. Daily
collaborative search increased from 0.9% to 11.0%, and weekly collaborative search
increased from 25.7% to 38.5%.

The topic domains that people search for collaboratively was different in the two
surveys by Morris [28, 29]. The top-5 topics are shown in table 4.1. This difference
may be partly due to the difference in methodology. However, it is interesting to note
that there seems to be a shift from using collaborative search for leisure activities
such as travel planning, to professional use. In recent years the scientific community
has developed various tools for collaborative search. However, Morris [29] found
that users tend to "glue" existing other collaboration tools together instead of using
dedicated tools for collaborative search. One possible explanation that was given is
that these tools were too heavy weight, and that users preferred using existing tools
that they already knew.

2006 2011

travel professional
shopping health/medicine
literature search news/current events
technical information technology
fact finding travel

Table 2.1: Top-5 most frequently mentioned topic domains in 2 surveys into user be-
haviour related to collaborative search by Morris [28, 29], conducted in 2006 and 2012.

Various taxonomies to classify collaborative search have been proposed. Six di-
mensions to classify collaborative search were described in chapter 1. We describe
various other taxonomies in order to help understand the properties of different ap-
proaches to collaborative search.

Capra et al. [4] described various styles of collaboration related to the role dimen-
sion. In directed collaboration a single person leads the search and directs what tasks
the others should perform. This is a form of asymmetric roles. In tightly coordinated
collaboration the collaborators coordinate with each other to divide the search task
into parts, and each perform their part. In loose/informal collaboration people search
with little coordination, and share results on an ad-hoc basis.

Kußmann et al. [22] investigated how Ellis’ model of information seeking can be
applied to collaborative search. These phases are useful to understand what types of
activities users engage in during search, and how they can divide the activities between
different collaborators in a group. The model consists of the following phases:

• Starting: beginning the search process (e.g. saying hello, agreeing on the infor-
mation need, initial division of work)
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Related Work 2.2 Collaborative Search

• Chaining: using hints and links to find related documents from a document
currently being viewed

• Browsing: searching for an area of interest in a semi-directed way

• Differentiating: filtering the material by quality (e.g. by reliability of the source)

• Monitoring: observing information sources of time to find new information that
is added or information that is changed

• Extracting: systematically going through a single document and extracting in-
formation of interest

• Verifying: examining and comparing information to verify that it is correct

• Ending: stopping the search process and linking collected information together

The phases can occur in various orders. Kußmann et al. [22] performed a study
with 15 participants in groups of 3 in a synchronous setting. Participants were given a
realistic search task, where they had to make a presentation on a given topic. Kußmann
et al. found that chaining and verifying did not occur often, and that monitoring did
not occur at all. The lack of monitoring is explained by the fact that the search task
was limited to a short period of time. They found that participants frequently switched
between the browsing, extracting and differentiating activities. All groups followed a
tightly coordinated collaboration style, where the task was split up between different
collaborators. They found that participants spent a considerable amount of time and
effort monitoring the activities of others. Team members often waited for replies to
chat messages that they sent before continuing their task, causing a significant amount
of idle time. This caused some groups not to complete the task in time. We hypothesize
that this communication overhead can reduce the retrieval effectiveness of a group of
collaborators significantly. Another result was that participants employed two different
strategies for evaluating results. Participants that scan results only briefly viewed them,
while other participants read large parts of documents. The authors found that teams
that mainly employed scanning were more effective at the given task (reaching a higher
F1-score and recall), while reading teams achieved higher precision.

Based on the behaviour of collaborative searches, previous work has also formu-
lated design principles for collaborative search systems. Morris and Horvitz [30] for-
mulated the following principles:

• Raising awareness among collaborators about the activities that others are doing.
Examples of this include a shared query history, and information on what other
group members did with individual documents (number of visits, ratings, and
comments).

• Enabling division of labour in order to help group members coordinate their
search activity. This can consist of interface features such as a chat that allows
group members to divide work manually, or system-level features such as auto-
matically providing different results to different users.
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• Persistence of the results of the search activity. This helps users to perform
complex searches over a longer period of time by recovering the context of pre-
vious search activities. In this way, both individual and collaborative search is
supported. The noted awareness features help with persistence, other possible
persistence features are the exporting and sharing of relevant documents, and
generating a summary of the results of the search activity such as comments.

Foley and Smeaton [9] added a design principle:

• Enabling sharing of knowledge among collaborators. This refers to exchanging
ideas and information between collaborators. Various forms to implement this
principle exist, again ranging from interface features such as a chat or shared
workspace, to implicit features such as shared relevance feedback, which will
be described in the next section.

The features used for collaboration can be implemented using various approaches.
Joho et al. [20] classified these approaches in three levels. Interface features that allow
users to collaborate, such as a chat widget or a shared query history are classified as
the interface level. The technique level consists of techniques that are implemented
behind the scenes that allow the users to collaborate. Examples of this level include
approaches that re-rank results, or allow users to split the results between collaborators.
Finally, when the information retrieval model is adapted for collaborative use, this is
called the the model level. Features may be implemented on one level or span multiple
levels.

We can see from the different taxonomies that there are many different types of
collaborative search. The taxonomies and design principles can be used to inform the
design of a collaborative search system by carefully choosing which features support
which types of activities. The levels from Joho et al. [20] can be used to inform the
architecture of the implementation of collaborative search features.

2.3 Collaborative Search Systems

Several research systems for collaborative search have previously been developed. An
overview of these systems and the properties of studies that were performed with them
is shown in table 2.2. We can see from the table that most studies only investigate
groups of size 2, and the others only investigate a single group size. Because of this,
these studies do not provide insight into the effects of group size on collaborative
search. Various systems provide interface features that support users in division of
labour and sharing of knowledge. However, only Cerchiamo has features for algorith-
mic mediation. Most systems are not actively developed and not open-source. Coag-
mento is the only system that is open-source, but because it requires a browser plugin
it is not suitable for crowdsourced studies.

The first system that was developed for explicit collaborative search is SearchTo-
gether [30]. The authors first conducted a survey of Microsoft employees to investi-
gate collaborative search behaviour, and developed SearchTogether as a prototype to
test several design ideas for collaborative search systems. The system is aimed at re-
mote collaborative search in groups with varying sizes. A screen shot of the interface
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Table 2.2: Overview of systems for collaborative search. The following key statistics
of studies into the systems are listed: group size (GS), number of groups (#G), number
of search tasks per group (#T) and study type: [lab-fixed] refers to a lab user study
with one or more fixed work/personal search tasks, [lab-nat.] to a lab user study where
users self-selected their search task(s). Collection refers to the data collection used:
Aquaint [45] is a commonly used collection of news articles, and TRECVid07 is a
collection of videos. AL means the system has features for algorithmic mediation. OS
means the system is published Open Source.

Name GS #G #T Type Collection AL OS

SearchTogether [30] 2 7 1 lab-nat. Web
CoSearch [1] 3 12 3 lab-nat. Web
CoSense [31] 3 10 1 lab-nat. Web
Cerchiamo [11, 33] 2 4 24 lab-fixed TRECVid07 X
none [19] 2 12 3 lab-fixed Aquaint
CoSense [32] 4 12 1 lab-fixed Web
Coagmento [14] 2 30 1 lab-fixed Web X
Coagmento, Diigo [21] 2 8 1-3 lab-nat. Web X
Querium [6] - - - - -
Results Space [5] 4 11 1 lab-fixed Aquaint
none [17] 2 10 3 lab-fixed Aquaint

SearchX 1-6 111 3 lab-fixed Aquaint X X

is shown in Figure 2.1, we refer to letters in this figure in the following paragraphs.
SearchTogether has several features that support awareness of the actions of other
users. These features are a query history (b) that shows what queries each collaborator
has posed, a chat client (a), and metadata for each document (h). The metadata consists
of which collaborators have viewed a document, ratings, and comments.

SearchTogether includes two forms of division of labour at the techniques level.
Split search (f) assigns the results of a query among collaborators in a round-robin
fashion. When a user in the group executes a split search, all other collaborators are
shown a new tab with the results that have been assigned to them. The second type of
division of labour is multi-engine search (g), where the search query is sent to multi-
ple search engines, and each user is assigned the results of one engine. While these
features enable users to divide work, they need to coordinate the usage of the features
manually. We hypothesize based on the work by Kußmann et al. [22] that this may
cause an increased cognitive load and causes the users to spend time on communica-
tion. Users can manually assign which user gets the results of which engine, or use the
default pairings. Persistence is supported in two ways: all sessions are persisted per-
manently, and users can export a summary of all documents that were rated positively.

CoSearch was developed as a prototype for co-located collaborative search [32].
The authors conducted interviews among students in order to determine what their
challenges with co-located collaborative search were. The interviewed users noted that
they had difficulty collaborating in groups larger than two our three users because the
management of off-task behaviour became difficult. Users believed that larger groups
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Figure 2.1: SearchTogether interface. SearchTogether was the first system devel-
oped for explict collaborative search, the following features are highlighted in the im-
age: (a) chat, (b) query history, (c) search results, (d) recommendation queue, (e)(f)(g)
search buttons, (h) page-specific metadata, (i) toolbar, (j) browser [30].

would have value if they could overcome these difficulties. The authors evaluated the
system in a lab study with 36 participants in groups of three. They compared three
conditions. In the Parallel condition collaborators searched on individual computers.
In the CoSearch condition they used a single computer with the CoSearch system
and multiple input devices. In the Shared condition all users used the same computer.
While users preferred the parallel condition they reported low levels of awareness of
the actions of others and little communication in this condition.

CoSense is a continuation of the work in CoSearch aimed at sensemaking [32].
It provides real-time visualization and contextualization of group search information
by presenting various views of the information produced by the group. The search
strategies view is shown in Figure 2.2. It displays the number of queries each member
posed, and interactive tag clouds of the keywords used by the group and individual col-
laborators. The goal is to support awareness of the roles and skills of group members.
The same view can also be used to show the number of URL’s each user visited and tag
clouds of the domains visited by the group and individual collaborators. The timeline
view shows all chat messages and queries in chronological order, and is aimed at aiding
the groups understanding of query evolution. The chat-centric view shows the chat and
allows collaborators to open the page that other group members had open when they
posted a message. Finally, the workspace shows a summary of commented results,
allows users to tag results, and contains a to-do list and collaborative text editor.

The CoSense authors performed an observational study, where groups of three
users were asked to collaborate in a vacation planning task [32]. The study consisted
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Figure 2.2: CoSense search strategies view [32]. This view shows information that
helps users make sense of the collaborators earch activities. Shown are the total num-
ber of queries per collaborator, the top keywords from queries by the group, and the
top keywords from queries by each individual collaborator.

of two phases: in phase one users searched collaboratively in a group. In phase two an
extra group member was added who had to complete the planning task based on the
information gathered by the group in phase one. In phase one users mainly used the tag
clouds to check the skill of other users. In phase two the workspace and timeline views
were mainly used to understand what the contributions, roles and decisions of the
users in phase one were. Users reported in a post-study questionnaire and interviews
that CoSense helped them in the handoff of sensemaking activities. We view this
observational study as a form of distribution of labour by assigning different phases
of the model by [22] (described in Section 2.2) to different users. The users in phase
one were mainly tasked with starting, chaining, browsing, and extracting; the users in
phase two were tasked with differentiating, verifying and ending.

Cerchiamo was the first, and until our work only, system to support algorithmic
mediation [33]. The design goal of the system is to support synchronous collaborative
search for video document collections in groups of two users. Each user has their own
role. One user has the role of prospector and focuses on exploring the search space.
The other user has the role of miner and examines the results for queries in detail. Both
users are given a interface that is customized to their task. When the prospector marks
documents as relevant other unjudged documents for the same query are added to a
queue for the miner to inspect. When the prospector issues new queries and judges
more documents, the queue is updated and reordered. The miner goes through the
queue and judges which documents in it are relevant. The algorithmic mediation also
works in reverse: when the miner judges documents as relevant, they are analyzed to
suggest new query terms for to the prospector to use.

Joho et al. [19] built a system for collaborative search with a shared query history
and chat. They compared three conditions: independent search, shared query history,
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and shared query history + communication. They found that searchers had a more
diversified search vocabulary when using the collaborative variants compared to the
independent variant, but that the retrieval effectiveness of groups was not increased by
collaboration [19].

Coagmento is the only existing system we found that is open source and actively
developed [13]. Coagmento started out as a standalone application, but evolved to
a hybrid web-based and plugin design based on user feedback. The interface of the
browser plugin is shown in Figure 2.3. It provides shared bookmarks, a shared query
history, the ability to save snippets from documents, the ability to rate documents, a
chat interface, a collaborative notepad, and notifications when other users complete
actions. Users can also view current information on a webpage, but need to use the
browser plugin to perform new actions related to the page that they are currently view-
ing. This has the advantage of allowing the system to integrate with existing search
engines. However, a disadvantage is that the user has to install software, making it
unsuitable for crowdsourced studies.

Figure 2.3: Coagmento browser plugin interface [13]. The collaborative editor can be
used to share knowledge with other users. The toolbar is to perform actions related to
the current page and shows metadata for the current page. The sidebar allows users to
view all information that the group has produced so far.

González-Ibáñez et al. [14] investigated Coagmento as a tool for collaborative
search. They tested variants with co-located collaborators, remote collaborators with
only text communication, and remote collaborators with also audio communication.
They found groups with remote collaborators to be more diverse in the information
they explored compared to co-located groups. Adding audio support increased the
time teams spent on communication, but lowered their cognitive load [14]. Kelly and
Payne [21] also conducted a study that investigated how Coagmento’s different fea-
tures were used, and compared it to the system Diigo. They let users use both systems
and interviewed them about their experience, and found that users experienced both
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systems as useful. They also stress the importance of light-weight tools for collabora-
tive search, because users were dissatisfied with tools that required too much effort to
use compared to existing tools they already used [14].

Querium is a research system for session-based explicit collaborative search [6]. It
has several features that distinguish it from earlier systems. For each result a histogram
is shown that shows the history of who viewed a result, and how long ago it was
viewed. The user can fuse the results lists of multiple queries, and issue relevance
feedback searches which use a document to formulate a new query using reverted
indexing [10].

Results Space is a prototype system aimed at supporting asynchronous collabo-
rative search in groups of two to six users [5]. Distinctions of this work are that results
space is web-based, and that it was evaluated using the task from the TREC 2005 Ro-
bust track [45]. This allowed the authors to calculate precision and recall metrics. They
performed a lab-based study with 11 participants to evaluate the system. The task was
described as a university assignment for which the users had to search for news arti-
cles. First, three participants conducted a collaborative search session. After the others
had completed the session, a fourth participant was asked to help the group complete
the assignment. They were not given instructions on what search strategy they should
adopt. The group recall of the group with and without the fourth participant was com-
pared. The increase in group recall was smaller than the authors expected. A possible
explanation is that users found it easier to re-rate existing documents than to find new
ones. This explanation is supported by the finding that users were more likely to re-rate
existing documents than to rate new documents. The authors found that participants
adopted various strategies, with some increasing recall more, while others increased
precision more.

Htun et al. [17] investigated non-uniform information access scenarios among
users in collaborative search. In a non-uniform information access scenario, the col-
lections that the collaborators search in are different. Htun et al. [17] built a system for
collaborative search with a query history, and awareness indications such as which doc-
uments have been viewed and judged as relevant. They found that the non-uniformity
of the user’s access to information did not have a significant impact on the retrieval
effectiveness of a group [17]. This result is different from what the authors expected
based on an earlier simulation study [16].

SearchX was developed by Putra et al. [35] in our research group. Its goal is to
provide an open-source platform for research into collaborative search. It was initially
used to study search as learning, where search engines are used to support learning
activities [26]. It is implemented with a web-based interface to enable crowdsourced
user studies into collaborative search. The main collaborative interface features seen in
previous work are included: a shared query history, a list of saved documents, ratings,
and comments. SearchX is described in detail in Section 3.1.

2.4 Algorithmic Mediation

The use of algorithms that automatically mediate work without needing explicit user
input has been termed algorithmic mediation [33]. Pickens et al. [33] implemented a
prototype for such a system called Cerchiamo, which was described in the previous
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section. They also formulated a model and design principle for algorithmic mediation.
The main design principle of algorithmic mediation is that “influence should be syn-
chronized, but workflow should not” [33]. This means that the activities of one user
should not interrupt the activities of other collaborators, allowing all users to work
at their own pace. At the same time, the influence of the activities on the mediation
algorithm should be immediate, allowing users to benefit maximally from mediation.

Several authors have conducted studies that evaluate the effects of different forms
of algorithmic mediation on retrieval effectiveness. These studies and their properties
are listed in table 2.3. We see that again, most studies only consider a single group
size. The exception is the work by Joho et al. [20], they investigated groups of size one
to five.

Table 2.3: Overview of key statistics of studies into algorithmic mediation: group
size (GS), number of groups (#G), number of search tasks per group (#T) and study
type: [sim.] refers to a simulation study with batch evaluation, [lab-fixed] to a lab
user study with one or more fixed work/personal search tasks. Collection refers to
the data collection used. - indicates unknown. DoL refers to evaluation of features or
algorithms for Distribution of Labour, SoK refers to Sharing of Knowledge.

Authors GS #G #T Type Collection DoL SoK

Joho et al. [20] 1-5 500 13 sim. Aquaint X X
Shah et al. [38] 2 5 10 sim. - X
Soulier et al. [40, 41] 2 − 20 sim. TREC Vol. 4 X
Soulier et al. [39] 2 70 1 lab-fixed Web X
Tamine and Soulier [42] 2 75 1 lab-fixed Web X
Htun et al. [16] 2 55 13 sim. Aquaint X
Böhm et al. [2] 2 − 314 sim. OHSUMED,

CLEF-IP
X

SearchX 1-6 111 3 lab-fixed Aquaint X X

Joho et al. [20] simulated 100 groups varying in size of 1 to 5 collaborators. Each
simulated group searched for 13 different topics (out of 15 total topics) from TREC
Robust. The associated corpus is the AQUAINT document collection containing news
articles. The groups search for 20 iterations, judging 20 documents per iteration. The
relevance judgments are assumed to be the same as those of the TREC judges. The
queries are selected from a pool of queries. The query pool is generated by performing
query expansion on queries that were collected from a user study. Which results are
returned for a given query depends on the search strategy that is used. The authors
tested 8 different search strategies for algorithmic mediation which are shown in Table
2.4.

The baseline strategy SS1 simulates independent search. The full document space
is assigned to all users. In variant SS2 only unjudged documents are assigned to a user.
This implements a basic form of division of labour, and was considered a more effi-
cient baseline strategy by Joho et al. Strategy SS3 implements independent relevance
feedback, using the set of documents that has been judged as relevant by a user for
query expansion. Strategy SS4 uses the set of documents judged by the entire group
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Abbreviation Strategy

SS1 Independent search
SS2 Show only unjudged documents
SS3 SS2 + independent relevance feedback
SS4 SS2 + shared relevance feedback
SS5 Division of labour by cluster document space
SS6 Division of labour by round-robin document assignment
SS8 SS4 + SS5
SS10 SS4 + SS6

Table 2.4: Search strategies investigated by Joho et al. [20]. In each of the strategies,
a different algorithm is used to mediate what documents are shown to the user for a
given query.

instead. This implements an algorithmic form of sharing of knowledge: by judging
documents as relevant users share their knowledge about topical relevance with others
in the group. Both SS3 and SS4 were shown to increase group recall compared to
lower-numbered strategies. More advanced variants of division of labour such as clus-
tering the document space (SS5) and assigning documents in a round-robin fashion
among group members (SS6) were also explored. While the simple division strategy
SS2 significantly outperformed SS1 in group recall, variants SS5 and SS6 under per-
formed compared to SS2. Combinations of the advanced division of labour strategies
and relevance feedback strategies (SS8 and SS10) also under performed.

Foley and Smeaton [8] also performed a simulation study where they investigated
algorithmic division of labour and sharing of knowledge. Their simulation differed
from Joho et al. [20] in several ways. Groups of size two were simulated by pairing
data of users that originally searched independently. Only formulate a single query is
formulated for all users per group. After the first relevance judgment, relevance feed-
back is applied and the result list is immediately updated. This is called incremental
relevance feedback. Errors in relevance judgments were simulated by detecting doc-
uments that could be perceived as relevant by the user incorrectly, and judging those
as relevant. Five different variants were investigated to investigate the effects of di-
vision of labour. Best Individual considers the best result among individual group
members. Independent considers the average result of the group without any collab-
oration. SCIR considers the result for a collaborating group without any division of
labour. SCIR + Docs Seen Removed removes all documents that a collaborator has
previously seen from the results list. SCIR + Full Div also removes documents that
another collaborator currently sees from the result list. Foley and Smeaton [8] found
that both the SCIR and independent variants under performed compared to the Best
Individual result. The division of labour approaches were effective at improving the
number of relevant documents found. Both approaches outperformed Best Individ-
ual, with Full Div outperforming Docs Seen Removed. They note that the division
of labour approaches may decrease the user’s understanding of the information need
while searching in real life, and propose to include an awareness widget that shows
users that documents have been removed.
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Soulier et al. [40] showed that assigning collaborators roles according to domain
expertise or based on the user’s search behaviour [39] can be an effective form of
algorithmic mediation when users have varying levels of expertise in different topics.
Böhm et al. [2] developed a cost model for collaborative search. Their model showed
that the effectiveness of division of labour approaches depends on the behaviour of
users. If all users judge the same documents as relevant, division of labour is the most
effective. However, when the judgments of users differ, division of labour may under
perform, because users no longer re-judge documents that have already been judged
by other collaborators. They developed an integer linear program that optimizes the
result distribution to take this factor into account, and showed that it was effective in a
simulation.

The various simulation studies and Cerchiamo show that approaches to implement
division of labour and sharing of knowledge may be effective at increasing the effec-
tiveness of a collaborating group. However, due to the assumptions these simulations
make, it is an open question whether these results translate to the real world. Cerchi-
amo is a prototype that was built, but it only supports a specific type of algorithmic
mediation, not the more generic variants investigated by simulation studies.

2.5 Group Size

Only Joho et al. [20] have previously studied the effects of group size on retrieval ef-
fectiveness. They found that adding collaborators to a group increased group recall,
with diminishing returns. They also found that larger group sizes were primarily use-
ful early in the search session, with the advantage diminishing over time [20]. This
simulation study has several limitations, most importantly that all relevance judgments
by the simulated users are assumed to be correct. Also, cognitive load that may be
experienced by users due to interacting with other group members is not simulated.
Therefore, we consider the effect of group size on collaborative search to be an open
research question.

2.6 Summary

In this chapter various types and models for collaborative search from previous work
were described. Existing studies into collaborative search systems and algorithmic
mediation were surveyed, and relevant results from existing work was described.
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Chapter 3

Extending SearchX

In prior work Putra et al. [35] developed an online system for collaborative search
called SearchX. We extended SearchX with two features for algorithmic mediation.
One implements distribution of labour by only showing the user unjudged results by
default. The other feature implements sharing of knowledge through shared relevance
feedback. While integrating these features into SearchX its architecture evolved in
various ways. We took particular care in synchronizing the current state of the ap-
plication in a way that gives the user consistent and up-to-date information without a
jarring user experience. In the following sections, we first describe the original ver-
sion (as released prior to this work) of SearchX, and then the modifications we made
to extend SearchX for our experiment.

3.1 SearchX

Version 0.1 of SearchX was released in early 2018. This version includes various
interface-based mediation features, but no algorithmic medation features. The aim
of SearchX is to be a complete platform for research in collaborative search. The
platform consists of an online collaborative search system, with various interface fea-
tures to support collaboration between users. In order to enable empirical research,
SearchX supports crowdsourced studies. In the following subsections we first intro-
duce the original version of SearchX by describing its main design goals, features,
and architecture. We then describe the updates that were made as part of this work to
extend SearchX for our experiment: supporting multiple search providers, and adding
two features for algorithmic mediation.

3.1.1 Features

Figure 3.1 shows the search engine results page (SERP) of SearchX version 0.1. On
the top there is a searchbox where the user can enter their query (a). On the left hand
side the list of search results is shown (b). SearchX supports various types of results,
referred to as verticals (c). Included verticals are web pages, images, videos and news.
SearchX can easily be extended to include new verticals. Each result can be saved
using the yellow flag icon (d), the corresponding document is then shown in the list
of saved documents saved documents (e). Saved documents can be deleted to remove
them from the list, or starred to pin them at the top of the list.
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Figure 3.1: Results page of SearchX version 0.1. The following features are high-
lighted: (a) searchxbox, (b) list of search results, (c) vertical selection, (d) save result
button (e) saved documents, (f) recent queries.

Users can collaborate in groups of varying size in SearchX. For experiments users
are assigned to a group. The list of saved documents (e) is shared among the group.
The second collaboration feature is the list of recent queries (f). This list shows the
queries that users in the group posed, sorted with the most recent at the top. This helps
users to be aware of queries that other people in the group posed, which can help them
to improve their own queries.

Users can also view various metadata related to documents. The amount of views
for each document, the current rating, amount of comments, and date and time of the
last bookmark are shown for every result in the list (g). When a user views an indi-
vidual document they can rate it, and leave comments for other users. All information
that relates to a specific user is color-coded to indicate which user produced it.

SearchX contains various features to support its use in user studies. User actions
are logged for data analysis. It supports easy definition of pre- and post-test questions.
It also allows introduction steps to be defined, that highlight and explain various in-
terface features. This allows users to quickly get familiar with the search interface, so
that they can start a study without taking a long time to learn the interface.

3.1.2 Architecture

The architecture of SearchX version 0.1 is shown in Figure 3.2. SearchX is divided at
the project level in a back-end and front-end application. Both are written in Javascript
ES6, which allows easy re-use of code and data structures between the two. The back-
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end runs on a centralized server using Node.JS. The front-end is a client side web
application, which uses the API exposed by the back-end to implement SearchX’s
interface.

HTTP / 
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Task Session
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Page Components

Questionnaire

Search Session
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Figure 3.2: Architecture of SearchX version 0.1. The front-end runs client-side in the
browser, and implements the collaborative SearchX interface. The back-end provides
an API to the front-end with all functionality that it needs, such as saving user data in
a mongo DB database and communicating with the search provider (Bing).

The back-end of SearchX version 0.1 consists of four main parts: search, session,
collaboration, and logging. Each of these parts expose their own API endpoint that
is used by the front-end. The search part interfaces with the search provider: the
system that provides SearchX with its search results. SearchX 0.1 was hard coded
to use the Bing provider. On top of the search provider a layer for result caching is
implemented. If the same query is executed multiple times, the results are cached.
This serves multiple purposes: each user is always shown the same set of results, and
costs for using the Bing API are reduced.

The session part of the SearchX back-end is used to manage the groups and ses-
sions in which users collaborate. A collaborative search session is comprised of a
group of people all searching with a common information need. All metadata related
to collaborative features, as well as the search task that users complete in the exper-
iment, are linked to one session. The session API is used to retrieve the task and
group information for a given user. The collaboration API is used for all collabora-
tive features, such as adding and deleting bookmarks, annotations, and ratings. The
logging API is used to store logs in the database. The back-end is not concerned with
the content or types of logs: any data that is logged by the front-end is stored in the
database.

The front-end of SearchX version 0.1 consists of three main parts: task session
components, search interface components and the logger. The search interface compo-
nents provide all search and collaboration functionality of SearchX. The task session
components add functionality for a pre- and post-test, a task description, a timer, and
introduction steps to the search interface, in order to enable SearchX to be used for
user studies. Lastly, the logger is used by the other components to log user interactions
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with the interface and send them to the server.

3.2 Supporting Multiple Search Providers

To run our experiment, the search provider needs to 1) support indexing and full-
text search on our own dataset, and 2) support relevance feedback. Since Bing does
not satisfy these properties, SearchX needed to be updated to support other search
providers.

Originally the provider module in SearchX implemented the Bing API directly.
It called the API with a separate method for each vertical, with the query and search
options as arguments. In order to support multiple search providers, we decoupled the
search provider from the rest of the SearchX back-end by introducing the provider
interface.

The provider interface is defined as shown in listing 1.

fetch(
query, // the search query
vertical, // type of search results (web, images, etc)
pageNumber, // result pagination number
resultsPerPage, // the number of results to use per page
relevanceFeedbackDocuments // the set of documents to use
// for relevance feedback (if supported by provider)

)}.

Listing 1: Search provider interface specification

If a search provider does not support an option, or the option has an incorrect value,
it must throw an error. The search provider must return a Javascript object which is
structured as shown in listing 2. Strings represent variables that will be filled in with
the value that is described in the string.

{
matches: "number of matches",
results: [
"result",
...

]}

Listing 2: Search provider return object specification

The contents of result are determined by the vertical type that is used. For example,
the web vertical has the following result type:

The full list of result types can be found in the SearchX back-end documentation.1

1https://github.com/felipemoraes/searchx-backend
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{
name: "name of the result",
url: "full url",
displayUrl: "url formatted for display",
snippet: "part of text to display on search engine results page"

}

Listing 3: Web vertical results object specification

By specifying this interface, search provider modules can be written for any search
engine that supports search with a text query, irrespective of the type of results. We
have written search provider modules for Elasticsearch and Indri. The Indri
module was used for the experiment described in this work. It uses an adapter module
called node-indri that exposes Indri as a native Node.JS module [25].

3.3 Algorithmic Mediation Features

We implemented two features for algorithmic mediation, based on the work by Joho
et al. [20]. The first feature is division of labour by showing only results that have not
yet been judged by a user, and the second feature is shared relevance feedback.

3.3.1 Division of Labour

In their simulation study, Joho et al. [20] excluded results that have been judged by a
member of the group from the result pages of all group members in the future. How-
ever, this approach has several drawbacks that we argue may affect retrieval perfor-
mance negatively. Because results that used to be there disappear, users can get con-
fused and start to view the system as unreliable. Users are also less likely to re-consider
judgments by other users, which may lead to a decrease in precision of the judgments
by the group. Finally, excluding results may disrupt the users evolved understanding
of the information need: since they are missing relevant results, they may not get ideas
for formulating new queries that could lead to more relevant results [9].

In order to combat these issues, we have implemented what we call soft division
of labour. Instead of excluding results we collapse them in the result list. For each
contiguous group of collapsed results we show an indicator that results have been
hidden. The interface of our implementation is shown in Figure 3.3. Any document
that a collaborator has saved or excluded is collapsible, and will be collapsed by default
on new page loads.

The user can save a result with the yellow flag icon, but can now also exclude
irrelevant results with the red exclude icon. This helps to prevent the precision of the
viewed results from decreasing over time When results have been saved or excluded,
they are hidden from future searches for the entire group. Hidden results are shown at
the top of the results list in figure 3.3a. The user can click a contiguous set of hidden
results to expand them. The user can also click an expanded result to collapse it again.
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(a) Expanded results

(b) Collapsed results

Figure 3.3: Search results with soft division of labour. When results are collapsed, a
bar is shown with icons indicating how many and which type of results are collapsed
(saved or excluded).

At the top and bottom of the list, the user can use buttons to expand or collapse all
collapsible results.

3.3.2 Sharing of Knowledge

The second algorithmic mediation feature we implemented is sharing of knowledge
through shared relevance feedback. Relevance feedback means that after the user is
shown a set of documents as results for their query, some form of feedback is gathered
as to which documents the user thinks are relevant. We call this set of documents R.
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This feedback is then used to expand the user’s future queries with additional informa-
tion, in order to improve the quality of the search results that are returned.

The algorithm that is used for relevance feedback is provided by Indri and is
called Relevance Model method 2 (RM2) [23]. RM2 is an extension of the retrieval
model technique called Language Modeling (LM). In LM a language model M is con-
structed based in a given query Q. For each document D the probability of observing
the query given the document P(Q|MD) is calculated, and the documents are ranked
according to this probability. RM2 extends LM by calculating the probability that a
word w in the set of documents R co-occurs with the query P(w|Q). The query is then
expanded by adding the k words that are most probable to co-occur with the query, k
is a hyperparameter that is set in advance.

In the usual implementation of explicit relevance feedback, the set of documents
that was judged by the user as relevant is used as set R. In our case we implemented
shared relevance feedback, where the set of documents that has been saved by the
entire group is used. Through shared relevance feedback, users are implicitly sharing
knowledge about what information is relevant with other users in the group. Suppose
for example, that one user starts searching after another user in the group has already
saved a number of documents. Their results will be affected by the relevance feedback,
thereby using the knowledge that the other user has created by saving documents. This
mechanism is completely invisible to the user.

3.3.3 Algorithmic Mediation Architecture

The functionality needed for algorithmic mediation is part of the front-end, back-end,
and search provider. An overview of this functionality is given in figure 3.4. The
diagram shows the different modules in SearchX related to algorithmic mediation.

HTTP / 
Websockets

Search Interface

Front-end

Search

Provider

Back-end

Regulator

Indri
SearchResults

SearchResultsContainer

Collapsed
Results

Search
Result

Expand Collapse

Figure 3.4: Architecture of algorithmic mediation components. All mediation func-
tionality in the back-end is contained in the regulator, which calls the provider with the
required arguments for the type of mediation that is activated. In the front-end, vari-
ous components implement functionality to collapse results in the interface. Arrows
indicate navigable references of one module to another in the direction of the arrow.

All functionality in the back-end is contained in the regulator layer. When the
back-end API is called, it calls the search module. This module calls the regulator (in-
stead of directly calling the provider as it did in the original version of SearchX). The
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regulator gathers all needed information for algorithmic mediation, such as the iden-
tifiers of all bookmarked and excluded documents. The regulator calls the provider,
with the correct arguments for the type of mediation that is enabled, and applies the
necessary filtering steps to return the set of results for the page that the user requested.

An important complication due to the enabling of algorithmic mediation is that
the total number of results per page can vary due to the hiding of collapsible results.
Suppose the user views a SERP with results. If a user saves or excludes three results
on the page as displayed in Figure 3.5a, there are now three collapsible results on that
page (a). If the user reloads the page, it now contains 13 results in total as shown in
Figure 3.5b. This is the case since a page always contains 10 uncollapsible results
(c), and the page now also contains 3 collapsible results (b). In order to take this into
account, the regulator requests extra documents from the search provider, so in this
case 13 instead of 10. It then filters the result list such that there are the required
number of uncollapsible results, and returns the resulting list.

(a) SearchX SERP with no collapsed re-
sults. Note that there are 10 results in total,
of which three are collapsible (saved or ex-
cluded). (a) collapsible results.

(b) SearchX SERP with three collapsed re-
sults. Note that there are 13 results in total
including the ones that are collapsed. (b) col-
lapsed results, (c) uncollapsible results (re-
sults that are not saved and not excluded).

Figure 3.5: SearchX SERP with and without collapsed results.

In the front-end, the changes for algorithmic mediation are part of the SearchRe-
sultsContainer, SearchResults, and CollapsedResults components.

The SearchResultsContainer contains the list of results that are currently being
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displayed on the page. It also manages the state of which results are currently collapsed
or not by keeping a map of the id’s of all collapsed results. The module has functions
to update the collapsed state of either individual results, or all collapsible results on a
page. These methods are passed down to the SearchResults component in order to
allow the lower-level components to trigger the expanding and collapsing of results.

The SearchResults component is responsible for deciding whether to show a
normal result, or a CollapsedResults component. It iterates over the list of results,
and for each contiguous list of currently collapsed results it constructs a Collapse-
dResults component. This component shows the indicator we saw before. Because
all state update logic is contained in the SearchResultsContainer, the SearchRe-
sults component is not concerned with how updates change the collapsed state: it is
automatically updated by react when its properties change.

Finally, the CollapsedResults and SearchResult components contain the but-
tons that can change collapsed state. They call the update functions that are passed
down to them as properties when clicked. When a collapsible SearchResult is
clicked, it becomes (part of) a CollapsedResults component, and when a Col-
lapsedResults component is clicked all results that were collapsed under it become
SearchResult components.

3.4 Synchronizing Application State

There are two possible ways to implement division of labour and shared relevance
feedback: immediate or delayed. In the immediate version, the SERP of all collab-
orators is updated as soon as a collaborator judges a document. However, because
this causes results to hide unexpectedly, it may lead to a jarring user experience. For
example, if a user is reading a the snippet of a result on the SERP while a collabora-
tor bookmarks that result, it will suddenly disappear while the user is reading it. For
relevance feedback, the same issue issue occurs, but with result reordering instead of
disappearing. Recall the design principle for mediation that was posed by Pickens
et al. [33]: “influence should be synchronized, but workflow should not”. Because the
immediate implementation requires users to interrupt their workflow when other users
perform an action, we argue that it violates this design principle.

In order to combat this issue we implemented a delayed version of the algorithmic
mediation features. Once a user has loaded a SERP, the results are fixed. The effects
of new actions by other users on the results list are only seen when they load a new
page. However, the state of the save and exclude buttons and saved documents list,
do update immediately in response to actions by collaborators. This allows users to
benefit from real-time awareness, without their workflow being interrupted. In the
previous example where a user is reading a document while another bookmarks it,
they can now keep reading it without being disturbed, because the result will not be
collapsed immediately. Once they load a new page or click the Hide all saved and
excluded results button, the result will be hidden.

Implementing delayed algorithmic mediation poses a technical challenge. The
front-end of the of SearchX version 0.1 was implemented in such a way that the entire
result list was refreshed in response to metadata update events. This means that the
architecture of how updates are handled by the front-end had to be adopted. Instead
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of re-fetching the results, we only re-fetch the relevant metadata. The existing result
object is then updated in response to the updated metadata. Another option which
could be implemented in the future is to move to a push-based model, where required
metadata is included in the update event. Since this requires more extensive changes
we chose not to implement a push-based model in the current version.

The delayed variant still poses challenges to the user’s workflow. These challenges
are related to pagination. Assume that a user is on a page greater than one. If a result
on page one is saved by a collaborator, the total amount of items on that page increases
by one. The reason for this is that one of the results will now be collapsed by default,
so the page contains an extra result. This effect is shown in Figure 3.5. If the user
now navigates to a later page, they will miss one item, since it has been shifted one
page forward. A similar problem can occur with relevance feedback: when relevance
feedback promotes a result that the user has not yet seen to page 1, they may never see
it, even though it is considered likely to be relevant.

We combat these issues in two different ways. We define the next page that a user
navigates to as always starting with the next result that they have not yet viewed. This
ensures that the user will not miss results due to division of labour. If they reload the
page it will start at a different place, but we consider this to be an acceptable trade-
off in order to ensure that a user does not miss results. Secondly, we keep track of
all documents that a user has seen. The regulator layer checks whether there are any
unseen results on pages with a number lower than the page the user requests. If there
are any results on lower-numbered pages, they are promoted to the current page. This
ensures that the user does not miss results that are promoted by relevance feedback.

3.5 ScentBar

The last feature we implemented is a collaborative ScentBar based on the work by
Umemoto et al. [44]. This feature was implemented with the intention of using it in
future work, so it was not evaluated as part of the experiment in this work. The Scent-
Bar shows a list of query suggestions. We use the Microsoft Bing API to provide us
with query suggestions. For each of the suggestions, the information gain of the results
for that suggestion to the current topic is calculated. Gain is a score that indicates how
much information that is likely to be relevant for the current topic is contained in the
unexplored results for that query. For each topic t, a set of aspects At is mined. This
mining can be performed in various ways, in our case we use query suggestions pro-
vided by the Bing API based on the topic title. The algorithm that is used to calculate
gain is designed according to three criteria: importance (documents relevant to aspects
central to the topic produce higher gain), relevance (documents with higher relevance
to an aspect produce more gain), and novelty (documents relevant to an unexplored
aspect produce more gain compared to explored aspects) [44].

The ScentBar shows shows both how much information gain the user has already
explored, and how much gain is still unexplored. We extend the work by Umemoto
et al. [44] by making the ScentBar collaborative: instead of only showing how much
the individual user has explored, we show an extra bar that shows how much infor-
mation the group has explored. This allows the user to select suggested queries that
contain the most potential information gain for the group. The interface of our Scent-
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Bar implementation is shown in Figure 3.6.

Figure 3.6: Collaborative implementation of ScentBar based on [44]. The dark green
bar shows the information gain the user has already explored, and the light green bar
the information gain the group has collaboratively explored. The red bar shows the
unexplored information gain.

3.6 Summary

In this chapter, we first described the features of the version 0.1 of SearchX. We then
described how we extended SearchX to support multiple search providers, which al-
lowed us to use the Indri search engine for our experiment. We also described the two
main features for algorithmic mediation we added: division of labour by hiding judged
results, and sharing of knowledge through shared relevance feedback. We described
the technical changes need to implement these features, and challenges related to the
synchronization of application state.
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Chapter 4

Research Design

To investigate our research questions, we ran a crowdsourced study with 305 partici-
pants. Recall that we are trying to answer the following research questions:

• RQ1 What is the impact of group size on retrieval effectiveness in a collaborative
search session?

• RQ2 How can features for algorithmic mediation be integrated in a collabora-
tive search system and how do those features affect retrieval effectiveness in a
collaborative search session?

• RQ3 What is the impact of group size on user behaviour in a collaborative search
session?

4.1 Search Task

The performance of information retrieval systems can be measured in many ways.
Two of the most commonly used metrics are recall and precision [48]. Recall indicates
the proportion of the total amount of relevant documents in a corpus that the user
has judged correctly to be relevant, and precision indicates the proportion of relevant
documents in the set of documents that the user has judged to be relevant. Participants
in our study were asked to perform a recall-oriented task in groups varying in size from
1 to 6 people. The task was described to participants as follows:

Imagine you are a reporter for a newspaper. Your editor has just told you to
write a story about [ROBUST05 topic title]. There’s a meeting in an hour,
so your editor asks you and your colleagues to spend 10 minutes together
and search for as many useful documents (news articles) as possible and save
them. Collect documents according to the following criteria: [ROBUST05
topic description].

Figure 4.1: Task template. This template is used to describe the topic to the user. The
topic title and description are filled in according to the fields shown in Table 4.1.

As corpus we used the Aquaint document collection, which contains 1,033,461
news articles. We took topics for Aquaint from the TREC 2005 robust track [45],
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which we will refer to as ROBUST05. We selected the ten most difficult topics. This
was done by computing the average precision for the three best performing runs from
ROBUST05, and selecting the topics with the lowest average precision. We selected
difficult topics since collaborative search has the most potential to be effective in this
case. From those 10, we manually selected three different topics we deemed interesting
with the additional constraint of at least 30 documents. If a topic contains too few
documents it will be difficult to evaluate the results. The topics selected are shown in
Table 4.1.

The topics we selected are:

Table 4.1: Topics used in SearchX experiment. The id indicates the topic id in the RO-
BUST05 track [45] and the description is the text that is shown to the user to describe
what documents are relevant to the topic.

topic title id description

piracy 367 What modern instances have there been of old fash-
ioned piracy, the boarding or taking control of boats?

tax evasion indicted 650 Identify individuals or corporations that have been
indicted on charges of tax evasion of more than two
million dollars in the U.S. or U.K.

airport security 341 A relevant document would discuss how effective
government orders to better scrutinize passengers
and luggage on international flights and to step up
screening of all carry-on baggage has been.

4.2 Study Setup

We explored three variants of SearchX in our study. An overview of the variants is
given in table 4.2. We chose these variants since they correspond to the indepen-
dent baseline and the two other most successful variants with algorithmic mediation
in the work by Joho et al. [20]. More complex types of division of labour and sharing
of knowledge did not yield additional increases in performance in their work, as de-
scribed in detail in Section 2.4. We did not investigate a variant with interface based
collaboration features and no division of labour to limit the number of variants, and
since this variant of SearchX has already been explored in previous work [26]. We
also did not evaluate the ScentBar feature in our experiment since it was implemented
with the intention of using it in future work.

Variant S-Single is our baseline where users search independently: they are not
aware of any of the actions of other users in a group. This variant replicates the strat-
egy used by users when they search collaboratively in a group using search systems
designed for single user search and no external communication.

S-UI-Coll is the basic version of our collaborative search system with division of
labour. It contains both interface-based features (the shared query history and shared
saved documents), as well as division of labour by only showing unjudged results by
default. This variants allows us to investigate the effect of group size with a search
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Table 4.2: Overview of our collaborative search conditions and their correspondence
to the variants explored in [20].

S-Single Independent search with individual bookmarks and indi-
vidual query history (no awareness, no division of labour)

Similar to variant SS1 of Joho et al. [20]

S-UI-Coll S-Single + Shared saved documents, shared query history
and collapsing of saved and excluded documents in the
SERP (awareness, division of labour)

Similar to variant SS2 of Joho et al. [20]. In contrast to
Joho et al. [20], we collapse saved and hidden documents
instead of excluding them.

S-UIAlg-Coll S-UI-Coll + Shared relevance feedback (awareness, divi-
sion of labour, and sharing of knowledge)

Similar to variant SS4 of Joho et al. [20]

interface that is familiar to the user, while incorporating a basic form of division of
labour. We chose not to include non-essential interface features such as chat, anno-
tations, or ratings. This prevents users from spending extra time on communication
overhead with increasing group size.

An important difference between S-UI-Coll and SS2 by Joho et al. [20], is that we
do not exclude judged documents, but only hide them. We hypothesize that excluding
results fully could negatively affect the search process in various ways. Users may be
confused by missing results, or may miss information that helps them to evolve their
understanding of the information need.

S-UIAlg-Coll is the variant of our system with all mediation features, interface-
based division of labour, and techniques- and model-level sharing of knowledge. Shar-
ing of knowledge is implemented by shared relevance feedback: documents saved by
the group are used to expand the search query. In this way, knowledge about topical
relevance is accumulated by all team members [20]. We explored sharing of knowl-
edge in conjunction with division of labour since they serve complementary goals:
sharing of knowledge improves the quality of results but increases their similarity, be-
cause the terms added by query expansion do not change when the user poses different
queries. Division of labour helps users to avoid revisiting documents that have already
been judged for relevance.

Joho et al. [20] showed shared relevance feedback to be effective at increasing
recall over only division of labour, however we hypothesize that this effect may be
different in the real world. Joho et al. [20] assumed perfect relevance judgments in
their simulation, while in reality the quality of the query expansion is decreased when
users incorrectly judge documents to be relevant. In addition, we hypothesize that
users may experience an increased cognitive load because documents are sometimes
re-ranked after a new page load, which may decrease the benefit of relevance feedback.
We hypothesize that this problem gets worse as group size increases, because the fre-
quency of new judgments increases, thereby increasing the frequency of the re-ranking
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of results.

4.3 Dataset and Retrieval Model

Aquaint was indexed using the search engine Indri version 5.11. Prior to indexing
we removed near-duplicate documents. This was necessary for interactive retrieval
because the Aquaint collection contains many near-duplicates, causing the results to
common queries to be very similar. For near-duplicate detection we used SimHash
with the parameters blocks = 4 and distance = 3. We also removed documents with
no title. This ensures that the user has a clear list of documents on the results page,
instead of seeing many documents with untitled. After the cleaning steps our index
contained 854,130 documents, 82.6% of the original size of the corpus.

We indexed the Aquaint collection with stopword removal and Krovetz stemming,
using the default list of stopwords provided by Indri. We also used the functionality
provided by Indri to generate query-dependent snippets with highlighted query terms.
These snippets are much more informative than naive approaches such as taking the
start of the document, because they show parts of the document text around occur-
rences of the query terms. An example of a snippet is shown in Figure 4.2.

Figure 4.2: Example of a snippet generated for a search result for the query “united
states tax evasion million”. The snippet is generated such that parts of the text that
occur around query terms are shown, and query terms are highlighted with bold text.

The retrieval model we used was language modeling (LM) with Dirichlet smooth-
ing for S-Single and S-UI-Coll. [47] We used the hyper-parameter setting µ = 2500. S-
UIAlg-Coll uses RM2 relevance-based language modeling. [23] We used 10 feedback
terms, and the set of documents used for language feedback consisted of all documents
saved by a group of collaborators.

In order to verify the relevance feedback works as intended, we ran an offline
simulation. For each of our three topics, we sampled five documents from the official
TREC judgments for relevance feedback 20 times. We submitted a query to Indri
with the topic title as query text with both LM and RM2. For RM2, the 5 sampled
documents were used for relevance feedback. We removed the 5 sample documents
from the results, and compute the recall of the retrieved ranked list. This simulation
is similar to the approach used by Joho et al. [20] We found that RM2 to outperform
LM on average by 82.65% across the three topics used in our study. This confirms
that as long as our users save mostly relevance documents, RF improves the retrieval
effectiveness.
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4.4 Crowd Work Setup

Because we evaluate four different group sizes (1, 2, 4, and 6) and three variants for
three topics, we have 36 different experimental conditions. Larger groups for variant
S-Single are simulated by combining individual users, for financial savings. This is
possible, since the users have no interaction with each other in this condition. We
aim at having 10 groups of each non simulated size, based on the number of groups
in previous work seen in table 2.2. This means we need a total of at least (1+ 2+
4 + 6) ∗ 2 ∗ 10 + 10 = 270 users to achieve this goal. In order to achieve this, we
used a crowdsourcing setup. We experimented with both Amazon M-Turk and Prolific
Academic as platform for recruiting crowd workers.

Due to the real-time nature of users joining groups, we got more participants for
some group sizes than others. 335 workers participated in our study, of which 30 were
excluded because they did not perform any actions. This means there were a total of
n = 305 participants across 111 non-simulated groups of which data was used. The
task took an average of 42 minutes, for which we paid £3.75.

On both platforms we ran into issues with forming groups. In order to form a
group that can conduct the experiment in a synchronized way, we need multiple crowd
workers to join at the same time. The platforms do not provide facilities for this, so
we implemented our own waiting room. After a user joins, they wait in the room
until there are enough collaborators, or they reach a pre-set timeout. If they reach the
timeout, the worker can not complete the task, but we still need to pay them for their
time. If the timeout is too long, workers leave because they get bored. The waiting
room is shown in Figure 4.3.

We implemented several features to help us form large enough groups. The waiting
room shows a counter of how much time the worker has spent and clearly explains the
maximum waiting time (10 minutes). This gives the workers clarity about how long
they will have to wait at most. We also included a game of snake that helps workers
to pass the time, and play a sound when the group is formed to allow workers to open
other tabs while waiting. In order to prevent losing valuable workers when they reach
the timeout, we fall back to a smaller group size in that case. In order to ensure we have
groups of the required sizes, groups with an odd number of users are split into a group
of size 1, and a group with an even number of users. By starting the experiment with
larger groups this allows us to decrease the number of smaller groups needed later.

Each group completes all three topics in a random order. When the group is
formed, they are shown a description of the first topic for a fixed amount of time.
This ensures that the workers stay synchronized. The workers are then shown a series
of introduction steps that explain the functionality of the system. Figure A.6 shows an
introduction step. This helps the workers to get started quickly, instead of having to
spend time figuring out the features during the first task. The task completes after ten
minutes. We call one execution of a task by a group a search session. This process
(without the introduction steps) repeats until all three topics have been completed. If
workers try to close the tab during the experiment they are shown a warning that this
will cause them to quit. However, due to the crowdsourced nature there is still a sig-
nificant number of workers that quits during the experiment. Users are stimulated to
complete the experiment because they only get paid if they complete the experiment
correctly. We can verify this because users enter their Prolific Academic platform to-
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Figure 4.3: SearchX experiment waiting room. At the top a description is shown that
explains to the user how the waiting room works. If the user wants to, they can play a
game of snake in order to pass the time.

ken when they start the experiment, and we produce a token for them to enter on Pro-
lific Academic when they finish the experiment. At the end of the experiment workers
are shown a post-test in order to gather data on their subjective experience.

The post-task questionnaire contains eight questions on search satisfaction, shown
in listing 4.

4.5 Post-processing

We deal with the issue of workers quitting by calculating the actual size of groups for
each topic. Workers are only considered part of a group when they perform at least
one query, either by typing or using the shared query history. Since there are now also
groups of sizes 3 and 5, we binned the groups in the following sizes: 1, 2, 3-4, 5-6. We
calculated the average size of groups in each bin in order to verify that there were no
significant differences in average group size for the bins in each condition, the sizes
are reported in chapter 5. We also used this average size in the simulation, making the
results as comparable between variants as possible. Due to real-time nature in which
participants join the experiment, some bins contain more groups than others. Table 4.3
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1. How many people did you just now collaborate with (not including yourself)?
[Number]

2. The color coding of the query history and bookmarks made sense to me. 5-level
Likert scale [Disagree, Agree]

3. It was easy to understand why documents were retrieved in response to my
queries. 5-level Likert scale [Disagree, Agree]

4. I didn’t notice any inconsistencies when I used the system. 5-level Likert scale
[Disagree, Agree]

5. It was easy to determine if a document was relevant to a task. 5-level Likert
scale [Disagree, Agree]

6. How difficult was this task? 5-level Likert scale [Very easy, Very difficult]

7. Did you find the collaborative features useful? (One row for each feature: Re-
cent queries, saved documents, and hiding saved and excluded results) 5-level
Likert scale [Disagree, Agree]

8. Do you have any additional comments regarding SearchX? [Open Question]

Listing 4: Post-test questions asked to users. Italicized text indicates type of answer
required for question.

shows the final number of groups for each bin. We reached the goal of 10 groups for
most conditions. We have two conditions with only 8, and two with only 9 groups due
to group size reductions after users were excluded for not performing any actions.

Table 4.3: Number of collaborating groups across search variants, topics and group
sizes. For S-Single we simulate the collaborative search behaviour of larger group
sizes with the data collected from the single-user search data.

Topic ID {1} {2} {3,4} {5,6}

650 12 − − −
S-Single 367 12 − − −

341 12 − − −

650 11 12 10 9
S-UI-Coll 367 12 11 10 9

341 13 10 11 8

650 17 8 16 12
S-UIAlg-Coll 367 17 11 13 13

341 19 10 14 13
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4.6 Metrics

Our main measure of retrieval effectiveness is group recall. This is the same metric
used by Joho et al. [20]. It is an appropriate metric for our main evaluation, since the
task is recall oriented. The group recall GR(g, t) for group g and topic t is calculated
by calculating the recall of the set of saved documents for the session in which group
g searched for that topic. To calculate the mean group recall MGR(s, t) for all groups
for size bin s and topic t, group recall is averaged across all groups in a size bin:

MGR(s, t) =
1
|Gs,t | ∑

g∈Gs,t

GR(g, t). (4.1)

In addition to group recall, we also investigate the group precision GP(g, t). It
is defined in the same way, but calculating the precision [48] for the set of saved
documents instead. Although not the main measure we use to evaluate our hypotheses,
calculating the group precision gives us extra insight into the quality of the relevance
judgments of the group.

Temporal analyses: After {2, 4, 6, 8, 10} minutes we calculate the group recall
for each group, using only the set of documents until that point in time. The start
time used for each member is the point at which they issue their first query. Due to
variance in the time users take to complete the introduction steps, there can be a slight
delay between these start times. By setting the time window for each user separately,
we make sure that all their actions are included in the analysis. Mean group recall and
precision for different group sizes is computed in the same manner as discussed above.

4.7 Summary

In this chapter, we described the search task that crowd workers were asked to complete
in three different variants. We described the three variants, and the details of the re-
trieval model used for each variant. We also described how we set up the crowdsourced
study, challenges we faced with group formation and the necessary post-processing to
address issues with group size. Lastly, we described the metrics that are used to eval-
uate our results for retrieval effectiveness.
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Chapter 5

Results

In this section we present the results of our user study. We first present the main
results of our study: the effect of group size and the different collaborative variants
we investigated on retrieval effectiveness. We then discuss these results in relation to
the hypotheses we posed in the introduction. Finally, we investigate various aspects of
how users behaved during the experiment and discuss the implications of these results.

5.1 Retrieval Effectiveness

We now describe results related to RQ1 (What is the impact of group size on retrieval
effectiveness in a collaborative search session?), and RQ2 (How can features for al-
gorithmic mediation be integrated in a collaborative search system and how do those
features affect retrieval effectiveness in a collaborative search session?). Figure 5.1
gives an overview of the main result with respect to these research question and hy-
potheses H1.1, H1.2, H2.1, and H2.2: the effect of group size on group recall for the
three variants and three topics that were investigated. We observe that group recall
increases with increasing group size, across all topics and variants. We do not observe
diminishing returns for the investigated group sizes, in contrast to Joho et al. [20].
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Figure 5.1: Mean group recall for each topic and search variant by group size. Group
recall is calculated for each search session that a group performed, and averaged by
(topic, variant, group size). The position of the points on the x-axis indicates the mean
group size for each size bin, which varies slightly due to users dropping out.

Table 5.1 shows the mean group recall values for all investigated group sizes, top-
ics, and variants. Statistical differences in recall are highlighted. These statistics sup-
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5.1 Retrieval Effectiveness Results

port the significance of our results for the previously mentioned hypotheses. Note
that the entries for S-Single can not be compared to the other variants using statisti-
cal tests, because group sizes over 1 are simulated. We find that group sizes of 3-4
and 5-6 have significantly higher recall compared to smaller groups across all variants.
We do not find statistically significant differences between variants of the same size.
Additionally, we find that group recall increases linearly with group size; we do not
observe diminishing returns in group recall as group sizes increases. This suggests that
even larger groups could be beneficial in the type of collaborative search task that we
investigated.

Table 5.1: Mean group recall (across all groups in a single topic/search-variant) for
each topic, condition and group size. Statistical significance was determined via
Tukey’s HSD test independently for each topic; in each topic column, significant im-
provements at p < 0.01 are marked with superscript XY where X is the variant (‘U’
in the case of S-UI-Coll and ‘A’ in the case of S-UIAlg-Coll) and Y is the respective
group size. For the S-Single simulated groups we determined significant values among
group sizes only within S-Single via Kruskal-Wallis test independently for each topic
(we omitted superscript symbols as all group sizes shows significant different results
at p < 0.01).

Group
size
bin

Mean group recall per topic

650 367 341

1 0.094 0.134 0.070
S-Single 2 0.131 0.210 0.119

3-4 0.165 0.295 0.175
5-6 0.192 0.361 0.220

1 0.087 0.137 0.087
S-UI-Coll 2 0.083 0.196 0.103

3-4 0.146 0.249 0.159A1

5-6 0.208U1,U2,A1 0.391U1,U2,A1 0.305U1,U2,U34,A1,A2

1 0.076 0.125 0.031
S-UIAlg-Coll 2 0.109 0.231 0.138

3-4 0.169U2,A1 0.349U1,U2,A1 0.214U1,A1

5-6 0.219U1,U2,A1,A2 0.404U1,U2,U34,A1,A2 0.243U1,U2,A1

To investigate the evolution of the search process in more detail and investigate
hypothesis H1.3, we investigated how group recall developed over time. Figure 5.2
shows the group recall for each topic and search variant computed in two-minute in-
tervals. We observe that group recall increases over time, with diminishing returns,
across all topics. We also observe that larger groups almost always outperform smaller
groups, across all time intervals. Topic ID 650 Condition S-UI-Coll is an exception,
where group size 1 performs the same as size 2.

The temporal group precision was also analyzed, the results are shown in Figure
5.3. We observe that group precision generally stays constant from t = 2min onward.
Larger groups tend to show a slightly lower precision compared to smaller groups, but
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Results 5.1 Retrieval Effectiveness
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Figure 5.2: Mean group recall for each topic, search variant, and group size computed
in two-minute intervals. For each time interval, the data point shows the group recall
for the documents saved from t = 0 until the given time.

this effect is not very strong for most topics.
We now discuss the implications of the retrieval effectiveness results with respect

to the hypotheses outlined in section 1.3. We also discuss related observations.

H1.1 Group recall increases with increasing group size, with diminishing gains.
Based on the results shown in Figure 5.1, we find support for the first part of the
hypothesis group recall increases with increasing group size. For all variants and all
topics, larger groups sizes lead to higher group recall, with the exception of group size
2 for topic id 650 S-UI-Coll.

In contrast to Joho et al. [20] we do not find support for diminishing returns with
larger group sizes for variants S-Single and S-UI-Coll. The trend for recall in variant
S-Single is close to linear. S-UI-Coll only shows a small increase when moving from
groups of size 1 to 2, and stronger increases when moving to groups of larger sizes.
As shown in table 5.1 the differences between sizes 1 and 2 are not significant, while
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Figure 5.3: Mean group precision for each topic, search variant, and group size com-
puted in two-minute intervals. For each time interval, the data point shows the group
precision for the documents saved from t = 0 until the given time.

the groups in size bins 3,4 and 5,6 show significant increases over the smaller groups.
S-UIAlg-Coll shows yet another trend, with stronger increases in recall for groups of
size 2 and 3,4 compared to the smaller groups, and slightly diminishing returns for
larger group sizes.

The lack of diminishing returns for variants S-Single and S-UI-Coll suggests that
even larger group sizes may yield additional increases in recall. A possible explanation
for this different result compared to Joho et al. is that we focused on especially difficult
topics. For none of the topics, search variants and group sizes the reported recall was
greater than 0.4, showing that there were many relevant documents left to be found.

H1.2 For topics with a higher number of relevant documents, increased group
size will have a relatively higher impact on group recall (as it takes more work
to find all relevant documents). Topic 367 has 95 relevant documents, while topics
341 and 650 have respectively 37 and 32 relevant documents. If this hypothesis holds,
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Results 5.1 Retrieval Effectiveness

we would expect the impact of group size to be greater for topic 367. However, as we
can see from Figure 5.1 the impact of group size for all three topics is very similar.
Therefore, we find that H2 does not hold.

The observed lack of diminishing returns provides a possible explanation for this
finding: a greater number of relevant documents only leads to a higher impact of group
size if it allows the users in the group to find more relevant documents. If there are
diminishing returns for topics with a low number of relevant documents due to the
group already having found all documents, this is the case. However, since we ob-
served no diminishing returns, there is no benefit to a topic having a larger number of
relevant documents, unless the users can actually find more relevant documents (i.e.
the precision of the viewed documents is higher).

H1.3 A large group size is more useful early in the search session, with improve-
ment in recall over lower group sizes decreasing as the search session progresses.
In order to answer this hypothesis we consider the temporal results in Figure 5.2. We
can see that the relative benefit of group size is consistent over time, with smaller
groups never catching up to the recall of larger groups. Therefore, we find no support
for H1.3.

Again, the lack of diminishing with increasing group size provides a possible ex-
planation. Since more users lead to a constant increase in recall, there is no reason for
the benefit to disappear over time. It is interesting to note that for a given group size,
recall does consistently show diminishing returns over time. This suggests that adding
more users to a group is more effective compared to letting a smaller group perform
the same amount of work by searching longer.

H2.1 Division of labour across a group of users increases their group recall, the
effect is consistent across group sizes. In contrast to our expectations, we find S-
UI-Coll to perform the same as S-Single. Therefore we find no support for H2.1. A
possible explanation for the lack of effectiveness of division of labour is an increased
cognitive load that users may experience. Because users spend time using the inter-
face features, or get confused when results change, their effectiveness in completing
the search task may suffer. However, we do not find clear indications for such an effect
in the user behaviour results discussed later in this chapter. Another possible expla-
nation is that real users do not benefit as much from division of labour as simulated
users, since they may remember what results they have previously seen themselves
and quickly skip over them. However, we would still expect to see some effect in this
case, since users do not know what results have been judged by other group members
in S-Single.

H2.2 Sharing of knowledge in a group of users increases their group recall, the
effect is consistent across group sizes. In contrast to our expectations, we find S-
UIAlg-Coll to perform the same as S-UI-Coll. Therefore we find no support for H2.2.
A possible cause for this result is the cognitive load that was discussed in the previous
paragraph. Additionally, the effectiveness of relevance feedback may suffer due to
users making mistakes in their relevance judgments and saving documents that are not
relevant for the given topic. This explanation is supported by the fact that the peak
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5.2 User Behaviour Results

precision is only 0.4 for 2 of the topics, indicating that users save many non-relevant
documents.

5.2 User Behaviour

In order to answer RQ3 (What is the impact of group size on user behaviour in a col-
laborative search session?) we analyzed user behaviour in several ways. We analyzed
the behaviour of individual users for the different group sizes and variants in order to
determine whether these variables affect the behaviour of individual users. We also
analyzed the usage of collaborative features. Lastly, we analyzed the users subjective
experience of the search process by a post-test in the form of a questionnaire.

The main characteristics of individual user behaviours are listed in table 5.2. In
order to summarize these results, we computed the value per search session for each
participant, and report the median value across all topics. We find that there is a de-
creasing trend in the amount of time spent on each document viewed with increasing
group size, and that the document viewing time is relatively short, with users only
spending about 10 seconds per document.

Table 5.2: Overview of individual search behaviours across the search conditions per
session. The reported value is the median for sessions across all topics.

Group #Queries Query #Viewed Viewing #Unique
size length docs. doc. time saved

(#words) (#sec.) docs.

S-Single 1 6.00 3.50 12.00 12.17 10.50

S-UI-Coll

1 7.00 3.72 7.00 10.84 9.50
2 8.00 3.69 5.00 10.22 6.00

3-4 8.00 3.63 7.00 9.65 7.00
5-6 9.00 4.10 6.50 8.71 6.50

S-UIAlg-Coll

1 6.00 3.67 12.00 11.63 7.00
2 6.00 3.09 12.00 8.14 10.00

3-4 7.00 4.25 7.00 9.11 7.00
5-6 8.00 4.00 8.00 8.41 7.00

We analyzed whether users engaged with the provided interface features for col-
laboration: the query history and list of saved documents. The results are shown in
table 5.3. Again, we report the median value across all topics. We find that the median
groups of size 2 did not use the query history at all. Larger groups used the interface
features more frequently, with groups of size 5-6 clicking about 4 queries and viewing
1 saved document in a session.

The first question in our post-test asked users how they perceive the size of their
collaboration group in order to gauge how aware users are of their collaborators. To
analyze this perception accurately we only consider groups where no users dropped
out in this analysis. We find that users in larger groups generally underestimate the
size of the group that they are in. Possible explanations for this are that users do not
pay attention to how many different colours they see, or that they could not see the
difference between similar colours. The user colours were randomly generated, so
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Table 5.3: Usage of collaborative search interface features by groups of collaborators
per session. Included are only clicks on queries and saved documents by collaborators
that did not issue (save) the original query (document). The reported value is the
median for sessions across all topics.

Group #Clicked #Viewed
size queries saved docs.

2 0.00 0.00
S-UI-Coll 3-4 1.00 1.00

5-6 4.50 1.00

2 0.00 0.00
S-UIAlg-Coll 3-4 0.00 0.00

5-6 4.00 1.50

some user colours may have been hard to discern. We also find that a large number of
users in single user groups perceive to be in a collaboration. A possible explanation
for this is a priming effect due to users having been asked about collaboration in the
pre-test questionnaire.

Table 5.4: Group size vs. perceived group size in % across search variants. Results
reported based on the post-questionnaire (question 1, cf. Listing 4 in Section 4.4).
Shown in grey is the cell value where actual = perceived group size.

Condition Group Size Perceived Group Size in %

1 2 3 4 5 6 7+

S-Single 1 50 42 0 8 0 0 0

S-UI-Coll

1 90 0 0 10 0 0 0
2 6 81 13 0 0 0 0
3-4 4 23 31 15 19 4 4
5-6 3 11 20 43 9 6 8

S-UIAlg-Coll

1 69 19 0 0 6 6 0
2 0 44 19 25 6 0 6
3-4 6 26 35 12 15 6 0
5-6 4 19 10 45 12 10 0

Questions two to six of the post-test concerned the user’s experience while using
the system. For these questions we used the responses by all users. These questions
used a 5-level Likert scale. The questions we asked are listed in listing 4. The full
results are shown in Figure 5.4 and the median values for each variant are shown in
Table 5.5. Most users agreed with questions two to five, with the median rating varying
from four to five across questions and variants. The differences in median values
between variants are small. The variance of ratings for S-Single is lower compared
to the other variants, which can be explained by the fact that the number of users for
this variant is lower (see table 4.3). Users rated the difficulty of the task neutrally with
a median rating of three across variants for question six. The fact that this rating is
different from the ratings for the other questions can be explained by the fact that the
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scale of this question concerns difficulty instead of agreement. We view the fact that
users rate the task difficulty as neutral as an unexpected result, because the topics that
were used in the task were selected to be difficult.
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Figure 5.4: User ratings for questions two to six of the post-test on 5-level Likert scale.

Table 5.5: Median user ratings for questions two to six of the post-test on 5-level Likert
scale.

Question S-Single S-UI-Coll S-UIAlg-Coll

2 5.00 4.00 4.00
3 4.50 4.00 4.00
4 5.00 4.00 4.00
5 4.50 4.00 4.00
6 3.00 3.00 3.00

Question seven of the post-test asked whether the user found the collaborative
features used in the experiment useful. The question used a 5-level Likert scale from
strongly disagree to strongly agree. The full results are shown in Figure 5.5 and the
median values for each variant are shown in Table 5.6. Most users rated the features
as useful across variants. The lowest median rating was 3 (neutral) for the usefulness
of the recent queries list for S-Single. A possible explanation for this lower rating
compared to the other variants is that the query history is more useful when used in
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a collaborative setting, because it can then be used to see what queries others posed.
Users may be able to remember which queries they have posed themselves over the
relatively short time span of the task in our experiment, limiting the usefulness of the
recent queries list for S-Single.

0 25 50 75 100
Percentage of users

S-UIAlg-Coll

S-UI-Coll

S-Single

Va
ria

nt

Rating
1
2
3
4
5

(a) Hidden saved and excluded results

0 25 50 75 100
Percentage of users

S-UIAlg-Coll

S-UI-Coll

S-Single

Va
ria

nt

Rating
1
2
3
4
5

(b) Recent Queries

0 25 50 75 100
Percentage of users

S-UIAlg-Coll

S-UI-Coll

S-Single

Va
ria

nt

Rating
1
2
3
4
5

(c) Saved Documents

Figure 5.5: User ratings for question seven (Did you find the collaborative features
useful?) of the post-test on 5-level Likert scale.

Table 5.6: Median user ratings for question seven (Did you find the collaborative fea-
tures useful?) of the post-test on 5-level Likert scale.

Feature S-Single S-UI-Coll S-UIAlg-Coll

Hidden saved and excluded results 3.50 4.00 4.00
Recent Queries 3.00 4.00 4.00
Saved Documents 4.00 4.00 4.00

Question eight asked whether the user had any additional comments. We used an
open card-sort approach to sort similar responses into categories. The top-10 catego-
rized responses are shown in Table 5.7. A lot of users left positive comments, stating
that they found the system useful, thanking us for the experiment, and stating that the
system was easy to use. Users encountered various issues in completing the given
task, mainly noting that they found it difficult to find relevant results for the topic.
Users requested more search features in order to find more specific results and judge
their relevance, such as the ability to exclude results containing given keywords, and
showing the source and date for documents. A specific aspect of the documents that
the users encountered issues with was the the location of the news articles: users of-
ten found that articles were from the wrong country, and requested the ability to filter
articles by location. This issue can be explained by the fact that for the tax evasion
topic users were instructed to select results from two countries. Users found it frustrat-
ing that they encountered similar results for different queries. A possible explanation
for this is that relevance feedback caused results for different queries to be similar,
and that these users were not able to combat this issue effectively using the division
of labour functionality. However, some users noted specifically that they encountered
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different results that were similar, indicating that this may have also been an issue with
the dataset. Users also indicated frustration that many documents in the dataset were
old, and some noted that they wanted to know the age of an article to judge its rele-
vance. We hypothesize that users may intuitively consider older news articles to be less
relevant, even though the task description did not mention this as a factor to consider.

Table 5.7: Top-10 categorized user responses for question eight of the post-test.

Comment description # responses

SearchX was useful. 29
It was difficult to find relevant results. 25
Thank you. 19
I was unaware of number of other collaborators. 14
Feature request: advanced search functions (boolean search / ability to
exclude terms, specific phrases with "", wildcards)

13

The system was easy to use. 11
Feature request: show metadata for results (e.g. source, date) 10
The location of the news articles I found were often not relevant to the
query, and it was hard to filter results by location.

10

There was a lack of diversity of results, I often encountered the same
results for different queries.

9

The results were too old. 9

5.3 Summary

In this chapter, we showed and discussed our results related to retrieval effectiveness
and user behaviour of collaborative groups. For RQ1 we observed that group recall
increases with increased group size, without diminishing returns. For RQ2 we did not
observe a significant increase in recall by using algorithmic mediation. For RQ3 we
reported various statistics on user behaviour, and reported the subjective user experi-
ences based on our post-test questionnaire.
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Chapter 6

Conclusions

Collaborative search is a quickly evolving field. While collaboration in larger groups
was rare a few years ago, nowadays it is common for people to collaborate in groups of
increasing size. Despite this evolution, research into the effect of group size on collab-
orative search is very limited, with only Joho et al. [20] previously investigating it in a
simulation study. Because simulations are a simplified model of the real world, we in-
vestigated how well these findings translate to the real world. We extended SearchX to
enable a crowdsourced experiment into the effect of group size, and included features
for algorithmic mediation intended to increase the effectiveness of larger groups.

The results of our study show that many of the findings of the previous simulations
do not hold in our case. Of the hypotheses that we investigated, only H1.1 holds
partially. We found that group recall indeed increases with increasing group size, but
did not find diminishing gains. This suggests that even larger groups may be useful
for the type of difficult search tasks that we investigated. We did not find significant
evidence for the other hypotheses.

A possible explanation for the lack of effectiveness of algorithmic mediation ap-
proaches in our case is the increased cognitive load that users experience due to them.
Because users spend time using the interface features, or get confused when results
change, their effectiveness in completing the search task may suffer. It is an open
question whether these results translate to tasks that take place over a longer period of
time, which we plan to investigate further.

We view this work as a confirmation that SearchX is an effective platform for
conducting large scale crowdsourced experiments into collaborative search. We were
able to implement novel features, and extended the platform to include new sources of
search results. SearchX continues to evolve as a powerful open-source research tool
into collaborative search.

6.1 Limitations

The crowdsourced setup of our study allowed us to empirically investigate the effects
of group size and algorithmic mediation in the real world. Despite the fact that our
setup is much closer to real-world usage of a collaborative search system than a simu-
lation, it still suffers from limitations.
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6.2 Future Work Conclusions

Most importantly, crowd workers are not real users. The reliability of our results
relies on the assumption that crowd workers behave similarly to real users, which may
not always be the case. Real users usually have a strong motivation to complete their
search task as well as possible, while crowd workers may be less motivated. Besides
motivation the demographics of our participants may be different from the group of
users that uses a real world system.

A second difference of our task setup compared to real world usage is that the
tasks were limited in time to only 10 minutes, and the total experiment was limited
to about 40 minutes. This means that users only had limited time to judge relevance
of documents, and limited time to get acquainted with how our system works. The
synchronized nature of the study also means that our results may not translate to an
asynchronous scenario.

Due to financial constraints we used a simulation approach to create the larger
groups for S-Single. This provides us with an efficient way to create realistic larger
groups, since there are no interactions between the users in S-Single. However, it does
mean the significance of these results cannot be compared to real groups. Another
constraint due to having to get enough crowd-workers in a short span of time is that
we can not form groups much larger than 6 people using our current approach.

6.2 Future Work

The first possibility for future work stems from our result for RQ1 (What is the impact
of group size on retrieval effectiveness in a collaborative search session?) that group
recall increases with increasing group size, without diminishing returns. This result
suggests that for the type of task we studied, increasing group size further may increase
retrieval effectiveness further. Therefore, it may be useful to explore collaboration in
groups larger than size 6.

In order to provide a more realistic evaluation setting, SearchX could be used in a
large scale online learning context: a Massive Online Open Course (MOOC). This will
allow us to evaluate the system with users with a real information need, and provide the
possibility to form larger groups. Using the SearchX system for a real world task will
also allow us to evaluate it over a longer period of time, and to include asynchronous
collaboration aspects.

With real-world users an aspect that becomes more relevant are the roles that dif-
ferent users take in the search process. Our current implementation is completely role
agnostic. To support the coordination of larger groups effectively, research into fea-
tures that support common roles may be useful. One example of this would be to give
users a moderation role, where they are privileged to resolve conflicts between other
group members.

Another interesting area for future work is the dynamic relationship between a
group’s information need and sessions. Currently in SearchX, a session relates to a
fixed topic, and if a group wants to start investigating a new topic they need to start a
new session. In the real world, a group may wish to investigate multiple related topics.
As the information need evolves, the group may wish to split a session into multiple
sessions for subtopics. Conversely, a group may wish to merge multiple sessions to-
gether. Groups may even want to share the results of their session with other groups,
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Conclusions 6.2 Future Work

who then use it as a basis for their own sessions. Including features that support the
dynamic evolution of sessions could help to support these use cases.

Lastly, previous work suggests that it is useful for collaborative search systems to
include features that support collaborative sensemaking and features that make it easier
to share results with others [32, 29]. Therefore, we hypothesize that users could bene-
fit from having an integrated workspace that people can use for sensemaking activities
and to transform search results into information usable for other purposes. Examples
of such activities could include combining snippets of results into summaries of infor-
mation related to the topic, integrated tools for assessing the reliability of information,
and a feature to share results with other collaboration tools.
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Appendix A

SearchX Experiment Interface
Screen Shots

The following screen shots show the user interface screens that a user encounters dur-
ing the experiment that we ran.

Figure A.1: SearchX experiment landing page.
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SearchX Experiment Interface Screen Shots

Figure A.2: SearchX experiment user registration.
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Figure A.3: SearchX experiment pre-test.
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SearchX Experiment Interface Screen Shots

Figure A.4: SearchX experiment waiting room.

Figure A.5: SearchX experiment task description.
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SearchX Experiment Interface Screen Shots

Figure A.6: SearchX experiment introduction step.

Figure A.7: SearchX experiment search engine results page.
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SearchX Experiment Interface Screen Shots

Figure A.8: SearchX experiment search engine results page with collapsed results.

Figure A.9: SearchX experiment document viewer with AQUAINT news article.
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SearchX Experiment Interface Screen Shots

Figure A.10: SearchX post-test questionnaire.
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SearchX Experiment Interface Screen Shots

Figure A.11: SearchX experiment thank you screen and confirmation token.
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