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On a given day, a given circumstance, you think you have a limit. And you then go for this
limit and you touch this limit, and you think, ‘Okay, this is the limit’. And so you touch this
limit, something happens and you suddenly can go a little bit further.

Ayrton Senna
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Introduction

1.1 Motivation

Searching for information is considered an essential skill in our daily lives. With roots
in the library sciences, modern Information Retrieval (IR) systems, such as Google and
Bing (hereon referred to as search engines), are today computerised, providing nearly
instantaneous access to huge volumes of information [16].

Search engines are used by individuals that have a particular information need in mind.
For example, given a circumstance, a user will realise the existence of an information need
that could arise from a potential knowledge gap, a lack of understanding of how to connect
their current knowledge, or a conflict of evidence that they need to resolve. Known as the
Anomalous State of Knowledge (ASK) [19], a user will, in turn, take this information need
and attempt to formulate it as a query (e.g., a textual representation of what they are
looking for) before issuing the query to a search engine. Following this, the search engine
assesses the documents within its index and returns a ranked list of documents given the
user’s query. The user then examines the ranked list and hopefully will encounter the
answers they are looking for that satisfy their information need.

The information need that a user develops can often be represented as a search task—
a goal that the user needs to achieve whilst searching [72]. For example, a search task
where a user searches for Thai restaurants in Amsterdam would have one possible goal of
finding the best affordable Thai restaurant to dine at. On the other hand, a more complex
search task may require a student to use academic search engines such as Google Scholar
to search for and identify several academic articles that argue for or against the given
subject (i.e., the subject that they are examining). Thus, search tasks can range from the
simplistic (i.e., identifying known facts such as ‘How old is King Willem-Alexander?’) to
the more complex (i.e., spanning multiple stages with the search engine, such as a literature
search) [5].

Although completing those search tasks is often seen as a solitary activity, searching
in collaboration with others is deemed useful or necessary in many situations [100]. Of-
ten these situations involve a group of people working together to complete a task where
search occurs in part of the task or during the entire task. Examples include travel plan-
ning, online shopping, looking for health related information, planning birthday parties,
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working on a group project, or finding a house to buy [58, 76, 93, 116, 170]. Addition-
ally, collaboration can also occur in a work context when people are using search as part
of their daily job [78]. The main benefit of collaborative search (CSE) is that a group of
people can execute a search task more effectively (e.g., number of hotels found) and more
efficiently (e.g., time taken to plan a trip) than when a search task is executed individu-
ally [124]. In particular, a good CSE experience seeks for obtaining a “true synergy among
diverse participants in creating solutions or strategies through the synergistic interactions of
a group of people” [71]. In the work context, CSE may have implications such as cost
of searching given that the collaborator may not choose to work with one or more col-
leagues and may have different roles in the company/organisation. As part of one of our
user studies, we surveyed 305 crowdworkers about their prior collaborative search experi-
ences. In Table 1.1, we selected a few of those collaborative search experiences categorised
by collaborative task types on the left column.

Task type Examples of collaborative search experiences.

- Planning and booking a trip to London with overnight stay and

Travel planning travel

X - Looking for hotels and flights to Portugal.
- Me and my wife planning a trip to Turkey booking hotels flights
and transport to airport.
Shopping - Family members looking for a certain product.
- - Husband and wife researching old book prices.

- Friend wanted a dash cam with specific features, and I helped locate
a number of products to compare.

Health information - Searching for diabetes related treatments.
[[+] - Looking for info/reviews of surgical doctors.

Social plannin - My wife and I were looking at things to do in the Lake District. So
ocia Izi.i.a g I was searching while the wife was telling me what she wants to look
- for and do.

- Myself and daughter searching for party ideas for my son.
- Looking for movies that are currently out.

. - Group of students researching human biology.
Learning ) o , )
- A group of students working on a writing assignment and sharing
& .
search results/findings.
- Working on a group project in high school with other students.

Real estate - My sister and I were searching for a flat.

A - A new house with my spouse.

- We spent some time searching together our next property before
moving house.

Table 1.1: Previous collaborative experiences described by participants in our user study in May 2018 (see Chap-
ter 3 for details of the study).

Despite the popularity of the aforementioned commercial search engines—and open-
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source search engine frameworks such as Elasticsearch®, Terrier [108], or Indri [139]—
these are not suitable for supporting collaborations amongst a group of users. When
searching in collaboration, many users often use these search engines together with other
external tools (e.g., e-mails, collaborative editors such as Google Docs or Overleaf, video
chat such as Zoom or Microsoft Teams), so that they can be aware of each other’s ac-
tivities, share the information they found, and divide the labour of the task [100]. Hav-
ing to use more than one tool may often be undesirable as it adds the extra overhead
to coordinate the collaboration using more than one tool [102]. Thus, focused on em-
powering research in CSE, several dedicated CSE systems have been developed over the
last 15 years with the objective to support collaborations within an all-in-one system
[30, 54, 68, 84, 102, 109, 128, 163, 167]. These collaborations have been categorised ac-
cording to four dimensions [52]:

Intent: Collaborators’ intent can be implicit, without necessarily being aware of each
other’s existence, or explicit, where collaborators are aware of each other’s activities. An
example of implicit collaboration is a recommender system, where past interactions of
other users are used to provide recommendations to users with similar profiles. In contrast,
in explicit (intentional) collaboration, users explicitly share an information need. In all
examples described in Table 1.1, collaborators have an explicit intent.

Concurrency: CSE can occur when collaborators search at the same (synchronous) or at
different times (asynchronous). For instance, synchronous CSE occurs when collaborators
aim to complete a task, where the task needs negotiation and communication in order
to achieve each user’s requirements (e.g., travel planning). Different from asynchronous
CSE, the final result of the search task is build up iteratively. For instance, a group of
students doing a literature review for their group project, where one group member can
improve the results found by other group members on earlier iterations in later iterations.
In the examples described in Table 1.1, collaborations can take place synchronously or
asynchronously.

Location: Collaborators can be either physically co-located or remote. In remote collab-
oration, a CSE system often provides communication channels such as text chat or video
chat. For example, remote collaboration can occur in search tasks when collaborators can-
not meet personally. In co-located collaboration, users can use their own device such as
laptop or smartphones, for instance, in social planning activities, such as watching films
to watch as exemplified in Table 1.1.

Mediation: Collaborations can be mediated at either user-interface (UI) level or algorith-
mic mediation level. For example, in Ul based mediation, the underlying CSE system plays
a secondary role, with collaborators primarily making use of user interface elements such
as a chat or visual aids to be aware of each others’ activity and communicate. In contrast,
algorithmic mediation takes place on the CSE system level, where the system contains
algorithms that provide strategies to foster collaboration. In the examples described in

*https://www.elastic.co/elasticsearch/
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Table 1.1, collaborators can be mediated via Ul level or algorithmic mediation level. How-
ever, a mediation level such as algorithmic mediation may be more suitable for tasks that
require users to divide the task before the start of the collaborative search session (e.g.,
looking for hotels in different regions of Amsterdam).

Over the years, researchers have found that complex search tasks can be executed
more effectively (e.g., the number of relevant documents found during the search ses-
sion), be more efficient (e.g., in terms of time), achieve higher material coverage, and
enable higher knowledge gains in an explicit collaborative setting than if conducted in
isolation [126, 130]. However, some CSE tasks have not shown to benefit from users col-
laborating in terms of the amount of relevant information found (e.g., precision) [131]. In
fact, one of the challenges in CSE research is to understand the drawbacks of collaboration.
In particular, different than single-user search, in synchronous remote CSE, communica-
tion and coordination can be an overhead during the search task. Moreover, not enough
awareness of each other’s activities can hinder completing a search task. Hence, this
thesis focuses on examining when explicit, synchronous, remote CSE is effective.
We focus on synchronous remote CSE due to the increased demand in recent years for
remote and synchronous collaborations as people are more distributed across the globe
and need to accomplish CSE tasks [7].

To evaluate the effectiveness of CSE systems, a common evaluation methodology in
CSE research is designing user experience research (UER) studies (e.g., user studies) [72],
which consist of evaluation methodologies from the fields of interactive information re-
trieval (IIR) and human computer interaction (HCI) [12]. In particular, typically, we mea-
sure effectiveness of a CSE system based on performance-based measures related to the
outcome of the search part of a task, such as the number of relevant documents found by
a group of users during the task [14, 15].

Even though researchers have carefully designed several CSE user studies, there is still
conflicting evidence or a lack of evidence on the effectiveness of CSE systems [69, 111, 129-
131, 135, 144]. Thus, in this thesis, we focus on examining the effectiveness of CSE systems
in two parts. In the first part, we shed light on the effectiveness of CSE to support two
group configurations, in turn, namely group sizes and users’ roles.

Group Sizes: Previous collaborative search studies have had a strong focus on groups of
two or three collaborators, thus naturally limiting the number of experimental conditions
that could increase quickly [3, 23, 24, 55, 63, 64, 69, 102, 103, 111, 126, 129, 135, 136, 144].
Therefore, there is a lack of evidence on the extent to which a CSE system can support
group sizes beyond these commonly investigated group sizes. Thus, we study CSE system
effectiveness with group size as the primary dependent variable, varying groups sizes of
two to six collaborators, with six as our upper bound due to our available resources.

Users’ Roles: Roles can determine how a group splits up the search task and deter-
mine each group member’s function (e.g., one group member is responsible for finding
documents and reading and evaluating them, another one for in-depth reading and eval-
uating them). In particular, when the CSE system assigns a role to each group member,
researchers have hypothesised that a group may reduce time spent communicating and co-
ordinating the task and make the search process more efficient and successful than groups
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without role assignment [111]. However, past user studies have provided contradicting
evidence as to the utility of assigned roles in CSE [111, 129, 144]. Thus, we provide more
evidence that aims to settle the question of the effectiveness of CSE systems when used
by groups with pre-assigned roles versus groups without pre-assigned roles.

In the second part of this thesis, we fix our group configurations, particularly, group
sizes are set to up to three people, and group members receive the same role. Then, we turn
to a different perspective and focus on examining the effectiveness in two contexts: search
as learning and collaborative online shopping. We chose these two contexts because they
include everyday collaborative tasks, exemplified in Table 1.1, and because search is a
significant part of these contexts.

Search as Learning: In the last decades, for many learners, web search engines are the
first step to access and ingest information [22, 106, 146] in their learning activities. Search
activities for human learning involve multiple iterations that require cognitive processing
and interpretation, often requiring the searcher to spend time scanning/viewing, compar-
ing, and evaluating information. However, web search engines are not built to support
users in the search tasks often required in learning situations [54, 59, 88]. When people
use search as a learning activity, it can be an individual activity or a collaborative activity
(e.g., group projects). Therefore, in this thesis, we tackle the challenge of identifying the
impact of web search engines on the (single-search or collaborative search) users ability
to learn compared to learning acquired via high-quality learning materials as a baseline.

Collaborative Online Shopping: In collaborative online shopping, a group of people
come together to make a decision to purchase a product that meets the various group
members’ requirements and opinions [3, 170]. While shopping together, search is an im-
portant part of the task in order to search for products in a catalogue that are available
in an e-commerce website. One important aspect of collaborative shopping is supporting
awareness and sharing of knowledge as it can enable a sense of co-presence, which helps
groups make a decision that satisfies each group member’s requirements and wishes. As
search is a significant part of a collaborative online shopping experience, CSE systems are
suitable for executing such tasks. However, there is insufficient evidence of how well can
CSE systems support a group of users to search for online products together and make
a group decision. Hence, we explore the effects of increased awareness and sharing of
knowledge (co-presence) using a CSE system in collaborative shopping on the group de-
cision making process.

1.2 Research Questions

This thesis consists of two parts aimed at examining (i) the impact of differences in group
configuration on CSE system effectiveness (Chapters 3 and 4), and (ii) the effectiveness
of CSE systems in support of collaborative tasks in the context of search as learning and
collaborative online shopping (Chapters 5 and 6). First, Chapter 2 presents a background
overview and our CSE system to enable the research conducted in the rest of this thesis.
Finally, in Chapter 7, we conclude the thesis and discuss directions for future work.
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Here, we describe the main research questions for each chapter. Then, in each chapter,
we outline more fine-grained subquestions.

1.2.1 Effectiveness on Supporting Group Configurations

One group configuration that has been often considered as a constant in CSE research is
the size of the collaborating group. Two studies that conducted experiments increasing
group sizes found evidence that larger groups can reach higher search effectiveness in a
recall-oriented task [70, 130], though with diminishing returns (each increase in group
size decreases the rate the search effectiveness increases). However, one of these studies
was conducted with simulated users [70], overlooking the potential increase in cognitive
load of real users. Cognitive load refers to the impact capacity of the user to hold on to
information along with the session. Another study that aims to understand the impact of
group sizes took place in a co-located setting, which may not suffer from the same coordi-
nation overhead as remote studies [130]. Therefore, there are still two open questions (i)
to what extent the simulation findings carry over to user studies, and (ii) to what extent
the currently existing CSE support group sizes beyond the commonly studied sizes of two
or three.

In this part of the thesis, the first research question that we answer is following:

RQ1 Whatis the impact of group size on CSE in terms of retrieval effectiveness and search
behaviours?

To answer RQ1, in Chapter 3, we present a crowd-sourcing study with 305 partici-
pants based on prior best principles with group size as the main dependent variable, in-
vestigating group sizes of two, four and six collaborating searchers conducted across three
recall-oriented search topics. We find that most prior simulation-based results on the im-
pact of group size on behaviour and search effectiveness do not hold in our user study
with several hundred crowd-workers. More importantly, we do not observe diminishing
returns (measured in recall) when increasing group sizes from two to six collaborators.

Another group configuration that has been of interested in previous work are the roles
(e.g., functions) of each group member. Intuitively, assigning roles to each group mem-
ber seems to reduce the amount of communication necessary in a group, thus leaving
searchers with more time to focus on the task at hand [111]. However, despite the intuitive
appeal of role-based CSE, prior user studies have revealed conflicting evidence [111, 129,
144]. In these studies, the experimental design did not consider the comprehensive com-
parison of role-based CSE with individual searchers and artificially created groups from
individual searchers. Comparing with artificial groups is vital in order to observe the exis-
tence of the benefits of CSE in terms of the synergic effect (i.e., the set of documents found
by groups cover more relevant documents than documents found by merging the set of
documents found by individual users). With a full experimental design (i.e., considering
all possible experimentation conditions), we can answer our second research question:

RQ2 What are the benefits of role-based CSE in recall-oriented tasks in terms of search
retrieval effectiveness, search behaviours, and communication patterns?

To this end, in Chapter 4, we conduct another user study (120 participants) with three
recall-oriented tasks across four conditions: (i) individual searchers; (ii) artificial groups
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created by aggregating the search logs of pairs of individual searchers; (iii) pairs of col-
laborating searchers without assigned roles; and (iv) pairs of collaborating searchers with
assigned roles. We do not find evidence of the benefits of collaborating groups with as-
signed roles regarding search effectiveness. In particular, artificial groups (i.e., pairs of
individual searchers) who do not benefit from communication and coordination perform
at the same level of recall as collaborative groups. In addition, we find that groups with
assigned roles exhibit search behaviours that indicate their compliance with the given role
distribution: group members tasked with exploring the search space spend less time read-
ing documents and issue more queries. Differently, group members tasked with exploring
the set of documents pre-selected by other group members do indeed spend more time
reading documents. Overall, despite the apparent differences in search behaviours, we
do not find evidence that groups with pre-assigned roles are more beneficial than groups
without roles.

1.2.2 Supporting Search as Learning and Online shopping Contexts
Researchers have explored the support of CSE in many contexts where collaboration seems
beneficial. In Table 1.1, we show a few collaborative experiences where collaboration is
used in daily lives. In the second part of this thesis, we explore the effectiveness of CSE
systems supporting collaborative tasks in the contexts of search as learning and collabo-
rative shopping. We chose these two contexts as the effectiveness of CSE systems does
not depend on search effectiveness alone. Instead, in a search as learning context, effec-
tiveness is measured by learning gains, which is the product of a learning task, and in
collaborative online shopping, the focus is on group decision making process and the im-
pact on the process to complete a collaborative shopping using a CSE system. So, first, we
look at search as learning context, and we aim to answer the following research question:

RQ3 Is (individual and collaborative) search a viable alternative to instructor-designed
learning?

To answer RQ3, in Chapter 5, we present a user study with 151 participants and mea-
sure learning gains through a vocabulary learning task. In order to build a competitive
baseline for possible learning gains, we use as a baseline how much learning a user can
acquire from instructor-designed learning materials (online lecture videos). In particular,
our experimental conditions consist of one individual search condition, two individual
search conditions combined with instructor-designed learning materials, and one collabo-
rative search condition. We find our participants in the instructor-designed learning condi-
tion (watching online lecture videos) to have higher learning gains than participants in the
search condition. Additionally, we find that the combination of instructor-designed learn-
ing and searching to learn leads to significantly higher learning gains than the instructor-
designed learning condition without the combination with search. Finally, we find that
CSE as a learning activity does not result in increased learning gains.

Next, we look at the context of collaborative online shopping. In this context, as search
plays a significant role during the task, CSE systems can be used to support a group of
people shopping together. In particular, a CSE system can support a group during a shop-
ping task that requires the group to make a decision given each member’s constraints
and opinions. In this scenario, the goal is to provide a better CSE experience that enables
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and increases the sense of co-presence. Co-presence is the feeling of awareness of each
other’s activity which is often perceived in collaborative physical shopping. By enabling
co-presence in a CSE system, researchers have found that it can decrease the communi-
cation overhead among members and improve group coordination during the decision
making process through navigation mechanisms [33, 49, 156, 166, 170]. A baseline navi-
gation mechanism is separate navigation, where users’ navigation is independent of each
other (e.g., none of the users’ actions affects the others’ activities). Another navigation
mechanism is collaborative navigation, which allows a group to navigate and share in-
formation via an intermediate interface (e.g., the user search results page (SERP) updates
every time another user issues a new query or paginates the SERP) Thus, in Chapter 6, we
answer the following research question:

RQ4 How and when do navigational mechanisms impact the group decision making pro-
cess in collaborative shopping using a CSE system?

To answer RQ4, we present our last user study with 64 participants across two nav-
igation mechanisms, namely, separate and collaborative navigation. We investigate to
what extent a group of collaborating users differs in their search and decision making be-
haviour when faced with either separate or collaborative navigation. We find that groups
in the collaborative navigation are more effective in their search space exploration, which
means they explore more products in less time. Also, shared navigation causes less us-
age of typical collaborative search features. Finally, although collaborative navigation
increases collaborators’ co-presence during the task, we do not find a significant impact
of collaborative navigation on purchase and post-purchase perceived satisfaction.

1.3 Main Contributions
In this section, we summarise the main contributions of this thesis.

Conceptual contributions

1. We conduct an overview of the literature of CSE systems focused on the best prac-
tices of developing CSE systems and open research directions (Chapter 2).

2. We conduct a comparison of related studies and empirical evaluations of CSE in
terms of group size, number of groups, number of search tasks per group, and study
type (Chapter 3).

3. We conduct a comparison of related studies of role-based CSE in terms of roles,
study type, number of groups, number of search tasks, and division of labour types
(Chapter 4).

Empirical contributions

4. We conduct a large-scale experiment with more than 300 crowd-workers on large
group sizes and the impact of group size dynamics on users’ behaviour and search
metrics (Chapter 3).

(a) We compare the impact of groups size 2, 4, and 6 on CSE system performance.
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(b) We compare the impact of CSE system variants based on levels of sharing of

knowledge.

5. We conduct a crowd-sourced user study (120 participants) on user’s roles to shed
light on the effectiveness of pre-assigned user’s role in CSE (Chapter 4).

(a) We compare four experimental conditions: (i) individual searchers; (ii) arti-
ficial groups; (iii) pairs without assigned roles; and (iv) pairs with assigned
roles.

(b) We analyse the impact of roles on search performance, search behaviour, searchers’
communication patterns across the four conditions.

6. We conduct a crowd-sourced user study with 151 participants and measure learning
gains across five experimental conditions (Chapter 5).

(a) We compare (individual and collaborative) search and instructor-designed learn-
ing effects on learning gains.

(b) We analyse the search behaviour and learning gains in search as learning task.

7. We conduct a virtual lab study? (64 participants) to investigate the impact of collab-
orative navigation on the group decision making process in collaborative shopping
tasks (Chapter 6).

(a) We compare separative and collaborative navigation on stages of the group
decision making process.

(b) We analyse the search behaviour in comparison with the group decision mak-
ing stages.

Resources

8. We provide an open-source CSE system, Searchx (Chapter 2). Our system is mod-
ular, easy to extend with plenty of features for experimentation using modern web
technologies. The code is available at the following address https://github.com/
searchx-framework/.

(a) We support algorithmic mediation components and features that enable effi-
cient use of Searchx for crowdsourcing studies.

b) We provide a product search user interface with search facets, product filters,
p p p
and separate and shared navigation mechanisms.

*In a virtual lab study, participants are typically invited to take part in the experiment via university social media
and internal communication tools. In a crowd-sourced user study, participants are invited via a crowdsourcing
platform (e.g., FigureEight).
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1.4 Origins

We now list the publications on which the research chapters were based.

Chapter 2 is based on three conference papers:

« Sindunuraga Rikarno Putra, Felipe Moraes, and Claudia Hauff. Searchx: Empower-
ing collaborative search research. In The 41st International ACM SIGIR Conference on
Research & Development in Information Retrieval, pages 1265-1268. Association for
Computing Machinery, 2018.

« Sindunuraga Rikarno Putra, Kilian Grashoff, Felipe Moraes, and Claudia Hauff. On
the development of a collaborative search system. In Design of Experimental Search
& Information REtrieval Systems, pages 76-82, 2018.

« Felipe Moraes and Claudia Hauff. node-indri: Moving the indri toolkit to the modern
web stack. In European Conference on Information Retrieval, pages 241-245. Springer,
2019.

Chapter 3 is based on the journal paper:

« Felipe Moraes, Kilian Grashoff, and Claudia Hauff. On the impact of group size
on collaborative search effectiveness. Information Retrieval Journal, 22(5):476-498,
2019.

Chapter 5 is based on the conference paper:

« Felipe Moraes, Sindunuraga Rikarno Putra, and Claudia Hauff. Contrasting search as
alearning activity with instructor-designed learning. In Proceedings of the 27th ACM
International Conference on Information and Knowledge Management, pages 167-176,
2018.

Chapter 6 is based on the workshop paper:

« Felipe Moraes, David Maxwell, and Claudia Hauff. Exploring collaborative naviga-
tion support in collaborative product search. In Proceedings of the SIGIR Workshop
on eCommerce, 2021.

The thesis also benefited from insights gained from the following publication:

« Felipe Moraes, Jie Yang, Rongting Zhang, and Vanessa Murdock. The role of at-
tributes in product quality comparisons. In Proceedings of the 2020 Conference on
Human Information Interaction and Retrieval, pages 253-262, 2020
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SearchX Framework: Empowering
Collaborative Search Research

With the motivation set out, we present in this chapter one of the major contributions of this
thesis. We describe the design space of collaborative search engines, and outline the chal-
lenges in implementing SearchX, our implementation of an open-source collaborative search
engine—complying with modern web standards. SearchX implements essential features of
collaborative search as found in the literature. We focused on providing support for mod-
ern research needs, such as running crowdsourcing experiments and fast prototyping. We
use SearchX in the user studies in the remaining chapters of this thesis. We open-sourced
SearchX at https://github.com/searchx-framework/searchx. The contributions of this
chapter have been mainly published in [94, 114, 115].
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2.1 Introduction

Web search is generally seen as a solitary activity, as most mainstream technologies are
designed for single-user search sessions. However, for a sufficiently complex task, collab-
oration during the information seeking process is beneficial [48]. A survey by Morris in
2012 [101] has shown that collaborating during search is a common activity, albeit using
ad hoc solutions such as email and instant messaging. Morris also found a significant in-
crease in the number of people who collaborate during search at a regular basis, from 0.9%
in 2006 to 11% in 2012. This increasing use of CSE has also been reflected in the research
community, where CSE has been an active area of research for many years. Workshops
that explicitly focus on CSE—and more generally information seeking—have started to
appear in 2008 [112] and continue to do so to this day, for instance, [12].

In contrast to single-user search where a number of up-to-date and open-source tools
are readily available (e.g., Terrier [86], Anserini [164], and Elasticsearch), the CSE re-
search community had up to 2018 only a single, actively maintained, and open-source
option (Coagmento, see Table 2.1)—despite the fact that researchers had designed, imple-
mented, and reported a number of other systems over the years [30, 54, 68, 84, 102, 109,
128,163, 167]. While Coagmento provides an extensive collaboration feature set, it requires
users to either install a browser plugin or an Android/iOS app, making it less viable for
large-scale CSE experiments which are often conducted with crowd workers. Further-
more, we believe as researchers we should have a choice of tooling, instead of relying on
a single one.

For these reasons, we have designed and implemented Searchx, a CSE system built on
modern Web standards, allowing it to be accessed from multiple platforms without the
need for user-side installations. We designed SearchX specifically for CSE research and
provide a comprehensive documentation to enable others to implement and run their own
CSE experiments.

Based on these observations, we build a system for collaborative web search that can
be used as a starting point for future research. As CSE is still an active research area, we
design the system specifically for conducting user studies.

Thus, the main contributions of this chapter are:

« We analyse the findings of existing systems to find current best practices as well as
common research directions.

« We describe the design process of implementing SearchX, which implements essen-
tial features of CSE and accommodates extensions for the research of this thesis and
for future research.

Additionally, we have successfully deployed Searchx in four CSE user studies using a
crowd-sourcing platform and virtual lab user studies. Besides, we have identified at least
four user studies that used or extended SearchX for a crowd-sourcing experiment [28, 119,
121, 123]. With SearchX, we contribute the second open-source system for collaborative
Web search, which comes with a comprehensive documentation focusing on modifications
to the system.
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2.2 Background

CSE is a subset of the more generic field of collaborative information seeking (CIS). Golovchin-

sky et al. [52] have characterised the collaboration aspect of online CIS along four dimen-
sions: intent (explicit or implicit), mediation (user interface (UI) or algorithm), concurrency
(synchronous or asynchronous), and location (remote or co-located). Morris [101] sug-
gested two additional dimensions: role (symmetric or asymmetric) and medium (Desktop
or and large touch displays). In our interpretation, CSE is scoped around the collaboration
of explicit intent, with the mediation and role dimension explored in designing the system,
and the other three dimensions (concurrency, location, medium) describing the potential
application scenarios of the system.

Systems for CSE. Our analysis of previously proposed systems in Table 2.1 is limited
to those similar to SearchX—systems that support at least synchronous and remote collab-
orations. Additionally, we limit the scope to text retrieval systems, since it is the most
common use case in web search. One of the first attempts at such system was the de-
sign of SearchTogether [102], which focused on supporting awareness, division of labour,
and persistence. Paul and Morris [109] built CoSense, an extension for SearchTogether
to improve sense-making by providing additional views. Shah et al. [128] built upon the
weaknesses of SearchTogether and created Coagmento, which has been analysed for its
experimental suitability in [73].

More recent systems were created to explore specific aspects of online collaborations.
Golovchinsky et al. [54] designed Querium to better support the collaboration in an ex-
ploratory search process, specifically through implementing a shared document history
that ranks documents based on relevance feedback. Jesus et al. [68] proposed CoFox to al-
low remote collaborators share their current window while the local collaborator had an
independent window to navigate their searches. Capra et al. [30] designed ResultsSpace
to study mostly asynchronous collaborations (though synchronous collaborations are pos-
sible too), therefore features for direct communication such as a chat were not added. Yue
etal. [167] investigated the search behaviour of users and designed CollabSearch with ba-
sic collaborative features for analysing difference in search tactics for single-search users
vs CSE users. Leelanupab et al. [84] explored the effectiveness of visual snippets for sense-
making by introducing the SnapBoard feature into the CoZpace system. Lastly, Xu et al.
[163] developed PairSearch to support collaboration between pairs of users searching the
web synchronously with an intention to acquire knowledge about a given topic.

As stated before, most of the listed systems are only described in publications, and not
open-sourced (or even available as binaries). As mediation is a vital factor for CSE, we first
analysed how mediation was designed in prior works, and used that as a starting point in
implementing SearchX. As CSE solutions should require low additional effort compared to
single-user search systems [54, 73, 101], we strove to implement features that look familiar
to users (who all use web search engines) today.

Designing Mediation. There are two main directions in developing mediation for CSE:
interface mediation adapts the search interface towards a multi-user context, usually in
the form of a shared workspace; system mediation directly mediates the collaboration pro-
cess, mostly through re-ranking of documents [30, 54] or modifying the distribution of
documents [102]. Both types of mediation are complementary to each other. The sup-
port for collaboration features can be categorised along three lines [47, 127]: division of
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labour, sharing of knowledge, and awareness. Table 2.1 provides a feature comparison of
prior works [30, 54, 68, 84, 102, 109, 128, 163, 167] in relation to these concepts. We now
elaborate on each one and outline what is implemented in Searchx.

Division of Labour refers to the distribution of work load across collaborators. This
division can be left to the user (user-driven) or mediated by the system. The latter can
be implemented at the user level through assignment of roles (e.g., prospector and miner
roles [111]) or at the document level through assigning different document subsets to do-
main experts [136]. Prior systems mostly support user-driven division of labour through
the provision of communication features. Group chat and document sharing (the explicit
recommendation of a document to a collaborator) are two features which have been shown
to be favoured by users [102, 128]. Following this, SearchX implements group chat; we ar-
gue that document sharing in the sense above can be achieved through the chat feature as
well and thus does not warrant a separate Ul element.

Sharing of Knowledge refers to the ability to share ideas and information effectively be-
tween collaborators [165]. This can be facilitated either through shared workspaces [113],
or through the re-ranking of search results based on relevance feedback [46]. Prior sys-
tems support sharing of knowledge primarily through providing a shared workspace with
features for collectively capturing information. Bookmarking documents (i.e. document
saving) and document rating are both relevance feedback mechanisms, with prior sys-
tems either implementing one or the other. Document bookmarking promotes shortlist-
ing, which involves forming and refining a shared list of potential resources [73]; doc-
ument rating provides a finer granularity of feedback, which is needed for algorithmic
mediation [30, 54]. Document annotation supports the previous two features by commu-
nicating the rationale behind an action [73, 102]. The choice of features largely depends
on the experimental setup, therefore SearchX implements all three in a way that toggling
individual features is easy. In SearchX document saving is instantiated as bookmarking
as users are familiar with this concept. In the meantime, Roy et al. [121] has extended
SearchX to enable users to highlight pieces of text from search results and save them in a
notepad which they may collaboratively edit with their group members.

Awareness is defined as “the ability to maintain some knowledge about the situation and
activities of others” [85], encompassing knowledge of the workspace and collaborators’
actions, as well as the ability to instantaneously notice changes on the work conducted.
Prior systems focus on providing lightweight information regarding collaborators’ search
activities (e.g., query history, and document history colour coded to reflect the user that
issued a query or viewed a document) and the overall sense-making process (document
metadata and summary of group actions such as previously issued queries and saved snip-
pets). All features were found to be useful in past experiments, except for the document
history which Kelly and Payne [73] reported to provide too much information. As group
summaries are mostly beneficial for asynchronous sessions [127], SearchX implements
query history, document metadata, and colour coding as awareness features.
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2.3 System Design

We engineered SearchX as a system that can be easily adopted by other CSE researchers.
SearchX adopts common collaborative features found in prior literature works and presents
them in a way that is familiar to generic users. Additionally, we emphasise support for
modern research needs, specifically support for fast prototyping of new features or inter-
faces, and support for online studies.

SearchX is designed for the following experimental workflow: a researcher first im-
plements an experimental setup of their user study using SearchX (either relying on exist-
ing features, or adding their own). Each study participant accesses the SearchX instance
through a designated URL; the browsers Safari, Google Chrome, and Mozilla Firefox in
desktop version with JavaScript enabled are supported. For single-user experiments, the
system allocates a sessionId to each participant, and for the collaborative experiments,
the system then allocates a search sessionId and groupId to each group of m = 2 partici-
pants (m is a configuration parameter). Throughout a search session (which may include
pre/post questionnaires), SearchX continuously captures fine-grained user activity logs
such as clicks, hovers, and scrolls events. *.

We now discuss the architecture of SearchX and then elaborate on three main design
directions: supporting collaboration, empowering research, and retrieval providers and
data collections.

2.3.1 Architecture Overview

When implementing SearchX, we chose to start from an existing system/interface to save
development time. The options were limited as search engine interfaces are generally not
open-sourced. We decided to use the single-user Pienapple search system [26]* as a start-
ing point, as it provides a generic Web search interface built with modern Web technolo-
gies (Node. js®, React*) which has had up today an active developer communities and are
supported by large companies, ensuring that the system will be relevant technology-wise
for the upcoming years. Given this base system, we vastly expanded its functionalities for
collaboration and experimentation, and then refactored the code base to be modular and
reusable.

SearchX’s client-server architecture is shown in Figure 2.1. The front-end is responsi-
ble for presenting the interface, managing task sessions, and logging user activities; the
back-end is responsible for communicating with the retrieval engine, and managing group
creation and synchronisation.

Front-end. The front-end (shown in Figure 2.3) is developed using React (a JavaScript
library). React manages its own data model, minimising communication with the back-
end; it enforces the creation of standalone view components, resulting in an interface
simple to modify and extend. As the front-end is a Web application, any user with a
modern browser can access it without requiring additional installation.

'A recent alternative for logging is using LogUI [89], a framework for capturing low-level logs in UI which are
persistently stored in a data storage.

*The authors kindly provided us with their source code.

*https://nodejs.org/

*https://reactjs.org/
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The front-end consists of three logical abstractions. The search interface is composed
of features related to searching and collaboration, and is presented to the user during the
search session. Each feature is implemented as a standalone component which makes
changing the layout or design of the interface efficient. Additionally, we separate the ren-
dering component from the data management to make adjustments to the interface more
efficient (e.g., adapting the interface for mobile or emerging devices). The task session
component implements the desired experimental setup, and controls the search task, even-
tual group creation, and the experimental procedure (e.g., a pre-test, the search session,
and then a post-test). An experimental procedure consists of a sequence of page routes,
which we bootstrapped by implementing template components with one page route for
the search session, and questionnaires, which we found to be the most commonly required
templates in our experiments. The logger accepts activity data from each component, and
regularly sends the logs to the back-end through an HTTP request for storage. This ab-
straction provides a clear separation of concern between interface features, experimental
setup, and data collection, making it clear which part of the system needs to be changed
for a particular experimental need.

Back-end. The back-end is developed with the Node. js server environment, which di-
rectly supports asynchronous I/O operations, making it suitable for applications requiring
real-time updates. An added benefit of Node. js is its language (JavaScript)—developing
both the front-end and back-end in the same language made the development more man-
ageable for us. The back-end provides the application data services which are made avail-
able to the front-end through APIs—implemented using the Express® framework for HTTP
and the socket. io® library for Web sockets. We chose these two libraries as they are cur-
rently the most common libraries for their respective role. We chose MongoDB’ for the data
storage as it uses a dynamic data schema, providing added flexibility during the develop-
ment and modification of features.

The data services are categorised into four types. Retrieval services includes commu-
nication with the retrieval system through the provider, and further processing of the
retrieval results through the regulator. Currently, we provide support for the Bing Search
API for searching the Web, and support for Elasticsearch and Indri® servers for custom
collections (see more details in Section 2.3.4). Session services handles group communica-
tion and assigning search tasks to users. Collaboration services includes the back-end logic
of collaborative features in the front-end. Utility services includes data collection tools
such as the log collector which stores user logs received from the front-end, and the URL
scraper which scrapes all documents returned to the user. Additionally, we also have a
URL renderer which makes it possible to load external Web pages inside our Web based
system (think of a browser inside a browser), allowing us to implement the front-end
document viewer. This offers the possibility to keep users inside the system at all times,
allowing the system to log user interactions within the documents as well. Both the URL
scraper and URL renderer utilise a headless browser via Puppeteer”.

*https://expressjs.com/
*https://socket.io/
"https://www.mongodb.com/
Shttp://www.lemurproject.org/lemur/
*https://github.com/GoogleChrome/puppeteer
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2.3.2 Supporting Collaboration

As can be seen in Table 2.1, only three prior systems implement system mediation, with
each of them implementing a different type. In contrast, a number of interface media-
tion features (i.e. all features apart from system mediation) are popular across systems.
SearchX also primarily supports collaboration through interface mediation, while facili-
tating custom implementation of system mediation through the addition of a regulator
layer in the back-end. We have been developing Searchx for more than four years, and
we have made four incremented versions over the four years. Figure 2.2 summarises the
main changes we made in each version. Next, we discuss each implemented feature and
its associated versions.

2017

February 2018

@ User’s activities such as in recent queries and saved documents are
identified by colours

@ Group chat implemented with Converse.js

May 2018
@ Hiding saved and excluded documents

@ Individual and shared relevance feedback

— April 2020
Query autocompletion
User’s activities are identified by anonymous user icons instead of colours
Lightweight group chat

\//:l| == March 2021
@ Search filters
@ Product search results
@ Shopping basket
@ Collaborative navigation

2021

Figure 2.2: Timeline of feature development of SearchXx

Figure 2.3 shows the UI of our system with the basic features enabled using the Bing
Search APl as a retrieval provider. Complementary, Figure 2.7 shows the Ul with additional
components for conducting user studies with search results served by the Indri search
system.

@ Query Box allows searchers to enter queries and select search verticals. For instance,
commonly used Web search verticals are Web, Image, Video, or News, which can be pro-
vided using the Bing Search API provider.

Additionally, we provide with the query box, query autocompletion (QAC) in order
to enable an user experience more in line with contemporary web search engines, we im-
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Imagine you are a reporter, paper. Your
editor has just told you to| about tax
evasion indicted togethel up of
colleagues. However, before n write the

story, you and your colleagues need to collect in
15 minutes a number of documents that will
support writing the story.

Your group distributes the work by splitting the
task into two subtasks: (1) finding useful

(6)

how shall we spit the task?

1521

how about this. let me look at the
causes and you look at the symptoms.

1522

20

Figure 2.3: The Basic SearchX interface, complete with latest style using Bing search results. Note that the chat interface is a popup—users can hide the popup to reveal
all of the obscured interface components.
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plemented the QAC functionality for the query box ( released in version N&]). Figure 2.4
shows an example of QAC using Bing Query Autosuggestions and collection-based query
autocompletion. For the collection-based query autocompletion, inspired by the work of
Bhatia et al. [20], we extracted all term uni-, bi-, tri-, and quad-grams from a document
collection (e.g., TREC AQUAINT described in Section 2.3.4) as query autocompletion can-
didates and saved in a database with their frequency (e.g., MongoDB). For a given query, ten
autocompletion candidates are selected by matching the query prefix to them. These are
ranked by their frequency in given the document collection. For less common, long-tail
QAC prefixes, a different approach was used inspired by Mitra and Craswell [92]. For
example, assume no QAC candidates were available for the prefix airport security. The
second term is taken in isolation (e.g., security), and all n-grams that begin with that
term are then looked up in the database and ranked by their frequency. If no n-grams are
found beginning with that term, the third term from the query is used, and so on. Suffixes
are then extracted from these n-grams (i.e. security checks), with these suffixes then
appended to the original query prefix, yielding a QAC candidate of airport security
checks.

SearChX depression symptoms Q
depression symptoms
. depression symptoms in women
Hide all saved result
depression symptoms checklist

Depression (m: depression symptoms in children

https://www.mayoclinic.0 - depression symptoms in teens
Common signs and sympt¢ ) .

to those of adults, but ther depression symptoms in men
symptoms of depression nf . N
and pains, refusing to go | IEPTession symptoms quiz

depression symptoms during pregnancy

(a) Bing query autosuggestions

SearChX tax evasion indicted Q

tax evasion indicted war
Hide all 4 tax evasion indicted on charges
de saved resu
tax evasion indicted for war
Ex-irs Lawyer F; tax evasion indicted for war crimes
EX-IRS LAWYER FACES TA)
indicted Tuesday on chargq

stock swindle in which the | tax evasion indicted war criminal
Las Vegas, charged Max C.

tax evasion indicted war criminals

tax evasion indicted tuesday
Bk Gncin O4n

tax evasion indicted by a federal
tax evasion indicted by the un
tax evasion indicted on federal

(b) Collection-based query autocompletion

Figure 2.4: The SearchX interface search box with query autocompletion component. On the top the component
is populated with Bing autosuggestions and on the bottom is populated with collection-based query autocom-
pletion.

@ Search Results are presented on the search result page (SERP) as ten blue links, each
result complete with title, url, and snippet. Each result can either be saved by clicking
[ (which then appears in @), or hidden from future SERPs by clicking @. Clicking on
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a document title will show the full document within the interface and open a document
viewer. Optionally, document metadata may be presented below each SERP entry to pro-
vide information about collaborators’ activities on the document (e.g., number of views,
annotations, ratings). This allows users to quickly identify documents that are considered
relevant by their group. The information is presented using a number of simple icons.

@ Search Results Pagination are presented on the bottom of the SERP as five buttons.
We removed the ability to jump to the last result as this may increase the workload of the
retrieval provider.

@ Recent Queries. This feature has been implemented in all prior systems; it provides
awareness of collaborators’ search activities, allowing users to avoid duplication of effort
and be inspired by their collaborators’ choice of keywords [102]. Its implementation is
similar across prior systems: as a list of queries that can be clicked on to immediately
open results for that query. SearchX provides a scrollable list of recent queries in the
sidebar ordered by time the query was issued.

@ Saved Documents. Apart from functioning as a means to saved documents for later re-
visits, saving a document also promotes the shortlisting strategy which involves curating a
shared list of potential documents [73]. Given the central role of shared saved documents
in CSE research, we wanted to make it more accessible. Therefore we implemented the
save button directly next to each search result. Furthermore, the list of saved documents
is always visible in the sidebar to promote awareness of collaborators’ actions; it is sorted
by time, the most recently saved documents appear at the top. In addition, users benefit in
the sense-making process when given the option to manage and rearrange their saved doc-
uments [73]. Therefore Searchx also implements pinned/starred saved documents which
makes the document appear first in the saved documents list.

(@ Group Chat. Even though knowledge sharing is already facilitated through more
specialised mediation features, direct communication is necessary for coordination and
discussions. We opted for a familiar pop-up design where the chat window is always visi-
ble in the interface but can be minimised when not in use (to avoid cluttering the interface).
Up to SearchX’s version W8, we included group chat using Converse. js*® which provides
a robust chat window out of the box. A downside of Converse. js is that we could not
have direct access to the internals, making it difficult to extend (e.g., we are not able to
assign usernames automatically). Thus, in version \&], we developed our implementation
SearchX-chat **, which provide a lightweight chat ReactJS component, which can be eas-
ily plugged in and connect to a SearchX backend chat functionality using Websockets to
send and receive messages instantly. We chose this option as we want the chat interface
to employ anonymised user icons as detailed in component @. Figure 2.5 shows a side-
by-side example of the two chat versions. Notice that in our implementation, we opted to
remove the names of the collaborators as a means to make them anonymous and neutral.

@ User Status Bar and Users’ Identification. Up to Searchx’s version W, we colour
coded elements of the interface that are associated with a particular collaborator’s actions
(such as querying and saving documents). This allows users within the group to differen-

https://conversejs.org/
"https://github.com/searchx-framework/searchx-chat
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Jan 20th 2018 Occupants
00:50 Riley: Hi
v e Riley hil! H

00:51 me: Hi. How should we e Taylor =

split our task?

00:56 Riley: How about this. Let ul® how shall we spitt the task?

me look on the causes while you " H)

look into the treatment of

depression

H how about this. let me look at the
00:57 me: Great! let's do that . causes and you look at the symptoms
Features

that's great! 1 l
15:22

©

|
(a) Converse. js group chat interface (b) Our group chat interface

Figure 2.5: The SearchX chat component. On the left the component implemented Converse. js colour coded
and on the right with our own implementation.

tiate between the activities and contributions of each individual collaborator. The colours
are generated randomly. However, from version W&, we chose to implement a coloured
Identicon to provide a means for identifying who did what using an approach often em-
ployed by contemporary websites offering collaborative functionalities (such as GitHub,
or Google’s collaborative office tools, which use anonymous animals). These icons were
present in the status bar (@). If a user hovers over each icon, a popup with the user
names or anonymized IDs is shown. Also, user icons are placed next to the queries issued
by a given user in @), with the same principle employed in component @. Figure 2.6
shows a comparison among the two versions. These icons are also present on the chat
interface @. The inclusion of this feature permits users to identify their collaborators in
an anonymized fashion, instead of using their own names—which could introduce biases
(e.g., through gender identification, nationality).

@ Timed Session. A countdown timer is present at the top-right of the interface,
counting down to 0:00. The countdown clock is synchronised across participants’ systems.

@ Task Bar. The task outline is provided for participants to examine whenever they wish
during the CSE task.

System Mediation. As stated before, SearchX does not implement a specific form of
system mediation, but facilitates such an implementation if needed. In Section 2.2 we
outlined that system mediation is usually performed in the form of modifications to the
retrieved list of results (i.e., re-ranking). We have designed the retrieval service in the
back-end to also contain a regulator layer that enables us to adjust the SERP sent to each
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(a) Colour code for each user (b) User icons

Figure 2.6: The SearchX collaborative components of recent queries and saved documents. On the left the com-
ponents use the own style with colour coded and on the right with user icons generated with Identicon. js.

collaborator based on the actions of the group’s members.

The regulator layer collects the necessary input data for system mediation by fetching
and aggregating it from the MongoDB database. One example of such data is the current
collection of saved documents and up-voted results for the entire group, which can be used
as input for relevance feedback. The input data can be sent to the search provider in order
to incorporate the data in the retrieval algorithm. This is useful to incorporate features
from the search provider into system mediation. For example, Indri supports relevance
feedback by sending it a set of results. The input data can also be used directly in the
regulator to re-rank or filter the list of results. This option can be used for distribution of
labour by filtering the documents that are assigned to each user according to a distribution
criterion. Figure 2.7 shows an example of SearchX with division of labour by the Hiding
Saved Results buttons @ which was implemented in version M. Once a user saves a
document, for the next query, collaborators saved search results are automatically hidden.
Document Viewer. When the user clicks on a document link (via @ or @), the docu-
ment viewer is shown. In Figure 2.8 we show the document viewer with the following
components.

@ Document Rating. Document rating is mainly considered as fine-grained source of
information for relevance feedback. To avoid cluttering of the SERP, we present the rating
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stock swindle in which the profits were funneled through offshore accounts. A 37-count indictment, unsealed in
Las Vegas, charged Max C. Tanner...

Italy: Sports Stars Risk Indictment for Tax Evasion
Italy: Sports Stars Risk Indictment for Tax Evasion ROME, February 14 (Xinhua) -- Some of the biggest stars in the
recent history of Italian opposition leader and media mogul Silvio Berlusconi's sports clubs risk indictment on
charges of tax evasion, judicial sources said in Milan Monday night...the subject of a separate kickbacks and tax
evasion trial starting in June. Also named was...

Judge Dismisses Tax Evasion Case Against Hubbell
JUDGE DISMISSES TAX EVASION CASE AGAINST HUBBELL WASHINGTON _ A federal judge, denouncing
Independent Counsel Kenneth W. Starr for orchestrating a ' “fishing expedition,” threw out tax evasion charges
Wednesday against Webster L. Hubbell, a friend...Amendment right against self-incrimination by building the tax
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dismissal of the indictment of Hubbell, Starr could lose the leverage he...one of Clinton's oldest and closest
friends. The indictment, handed up two months ago, had accused Hubbell, his wife, and two tax advisers of
scheming in the last four years to avoid paying taxes and penalties of more than $850,000. Prosecutors...

Italian volleyball stars indicted for alleged tax evasion
Italian volleyball stars indicted for alleged tax evasion MILAN, taly (AP) _ Former volleyball stars Andrea Lucchetta
and Andrea Zorzi have been indicted on tax evasion counts in an ongoing investigation into teams...former
managing director of Fininvest, also was indicted in the case involving 10 players of the now-dissolved Mediolanum
Gonzaga volleyball team, the news agency said. Tax police allege that Lucchetta and Zorzi, two...

Figure 2.7: The SearchX interface with hiding of saved results, and task bar with the latest style using Indri
search results (TREC AQUAINT collection). Note that the chat interface button, click on it and it reveal the chat
component.

buttons not on the SERP, but inside the document viewer; the added benefit is that users
can only rate once they have seen the document. Document rating is implemented as a
like/dislike button to leverage users’ familiarity with this type of interaction.

@ Document Annotation. Unlike existing systems, we implemented annotations as a
message thread similar to chat interfaces. This setup highlights the bidirectional nature
of the annotation process, promoting sense-making through the exchange of opinions.
The annotation interface is presented inside the document viewer, directly next to the
document to make adding new annotations a quick process.

Lastly, in the most recent version of SearchX, version W&, we extended SearchX with
E-commerce features with the following components as shown in Figure 2.9.

@ Search Filters. We provide users with the ability to filter by store department (e.g.,
Electronics, Kitchen, and Home), average customer rating, brand, and price. Once some-
one clicks in one of the filters, the server returns filtered search results. A reset button is
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Figure 2.8: Document viewer

implemented to remove all currently enabled filters for the issued query. Search filters are
not available in standard search. One must implement one for each data collection and
adapt the search filters.

@ Product SERP. Product search results are presented on the SERP as 12 cards (three
per row); complete with the main product image, product title, average rating, number of
reviews, and product price. Pagination is also present, with links provided at the bottom
of the results (not shown in Figure 2.3; results have been cropped to save space).

@ Product Card Result. For each result, users can save the item by clicking the ¥ icon.
We chose for a § icon as this is more contemporary in e-commerce interfaces. If users
wish to take an item forward, they can click the ™ icon.

@ Alerts. In case a shared navigation mechanism is enabled (see Chapter 6 for more
details), when another user issues a new query, changes verticals or filters results, this
popup box will appear to warn the other group members. After three seconds, the interface
will be updated to reflect the new set of (filtered) results.

@ Search Facets. Similarly to search verticals, users can select from different facets or
categories of items pertaining to results presented to them.

@. Task Outline Button. To allow more space for the product cards, a task outline
button is provided for users to show the task whenever they wish to view it.

@ Saved Items We modified the Saved Documents widget, to enable a ™ button. The

saved items component lists each of the items that were saved by the users; see @
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@ Shopping Basket. This component lists the items that users have decided to take
forward in their shopping.

2.3.3 Empowering Research

We now elaborate on how Searchx was designed as a tool for research.

Availability and Accessibility. SearchX is open-sourced for use and development by
other researchers. We iterated on the installation process a number of times to make it
simple and effective. We provide three example implementations of different experimental
setups (synchronous CSE, asynchronous CSE, single-user search) to be expanded upon.
We also put significant effort into extensively documenting how researchers can modify
the system (e.g., by adding new Ul features, or by changing the retrieval system in the
back-end), and this has helped other researchers to take up Searchx for their research [28,
119, 121, 123].

Study Creation. Currently, modifying the system requires programming knowledge as
we do not provide a graphical interface to create user studies yet. However, we have cre-
ated reusable implementations of common components in the experimental setup: ques-
tionnaires and the search session. The questionnaires are implemented using SurveyJS*?,
which allows defining questionnaires directly using JSON. We have created a React com-
ponent that abstracts over SurveyJS, adding logging features and flow control. We also did
the same for the search session, which abstracts over the search interface, adding session-
related logs, flow control, and a task bar to describing the search task. We found this to
simplify the creation of new user studies, since it takes away much of the boilerplate code
needed in configuring the experimental procedure.

Data Collection. A requirement for a CSE user study is the collection of user activity logs.
In SearchX, we have added logging to all interactive components of the system so that it
records when a user hovers over or directly interacts with a component (e.g., clicking,
querying, opening a document). We also log session related data (e.g., starting/finishing
the search session, submitting a questionnaire) and interactions with the browser (e.g.,
changing tabs), which helps understanding all actions executed by a user. All logs are
captured directly by the interface without the need for third party plugins installed by
the user. All logs are defined and implemented in the front-end, while the back-end only
handles storage of logs, making it easy to modify the logs or create additional logs.

Interface Guide. Prior works report that some features of their system were not explored
much by users because they do not know or understand it [54, 102]. We solve this issue
by adding a guided interface walk-through of the interface (built using Intro. js'*) which
explains step-by-step what each feature is meant to do. Figure 2.10 shows one step exam-
ple of the interactive guide. This interface guide is launched when a user first starts the
search session, ensuring that they are aware of the features we want them to use, before
moving on to the search task.

2https://surveyjs.io/
Bhttps://introjs.com/
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Figure 2.9: The SearchX with components adapted for e-commerce. Search results are returned using Elasticsearch indexed with Amazon collection. Note that the chat
interface is a popup—users can hide the popup to reveal all of the obscured interface components.
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Use SearchX to search for news articles as described
in the task.

+Back Next—

Figure 2.10: The SearchX interactive introduction guide powered by Intro. js

2.3.4 Retrieval Providers and Data Collections
Now we describe two retrieval providers, Indri and Elasticsearch, the collections we
use, and how we index and retrieve the results for these collections.

Indri

The IR field is aided by numerous efficient search engine implementations, aimed at re-
search and industry, such as Indri [139], Lucene®, Terrier [108] and Anserini [164]. In
this thesis, we make Indri accessible to the modern web stack. Many modern web appli-
cations and frameworks make use of Node. js. A significant advantage of this framework
is the single programming language on the client and server-side (JavaScript), which sim-
plifies development; in addition, Node. js is highly scalable [149]. In order to design and
evaluate web search interfaces, a backend, implemented in Node. js, requires access to a
search system. One option is to call Indri via system calls. However, the disadvantage of
system calls via shell commands is the extra layer of communication with the operating
system.

We design an alternative, node-indri, a Node. js module implemented with an easy-to-
use API. It provides access to basic Indri functionalities such as search with relevance feed-
back and document scoring. Importantly, node-indri is implemented in a non-blocking
manner. node-indri’s development started with the need to make Indri’s state-of-the-

http://lucene.apache.org/
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art relevance feedback models accessible to students, that (i) tend to have little experience
with C++, but are familiar with modern web programming paradigms and (ii) are not IR
experts and thus struggle to make sense of Indri’s internals.

In Table 2.2, we list the arguments of node-indri’s three classes. Each class has at most
two methods with arguments that depend on the functionalities exposed from Indri. The
last argument is a callback function implementing the error-first pattern. In this manner,
node-indri is an asynchronous module, with most of these functions assessing lower-level
system functionalities through libuvl. This in turn means that the methods are executed
in Node. js’ thread pool, making node-indri naturally parallel.

Table 2.2: Overview of the arguments necessary for node-indri’s method calls. Our API is simple and includes
only one method per class. The last argument is always a callback that is executed when the data has been
retrieved. Underlined are the required parameters.

Searcher.search Reader.getDocument Scorer.scoreDocuments Scorer.retrieveTopKScores
query, page, results-per- docid, callback query, docs, callback query, number-of-results,
page, feedback-docs, callback

callback

The models’ hyperparameter settings (e.g., ¢ in the case of language mode ling with
Dirichlet smoothing) are manually set via a configuration file. We now discuss the goal of
each of the three classes node-indri makes available to its users in turn:

Searcher This class exposes the functionalities of Indri’s QueryEnvironment and RMEx-
pander classes through the method search which returns a list of search results in
a paginated manner. When a Searcher object is instantiated, it takes a configura-
tion object as argument (these settings include the retrieval models’ hyperparame-
ters and flags of the type of data to return). When a call to search() is made and
no feedback documents are provided as argument, the standard query likelihood
model is employed, otherwise RM3 model is [83]. Depending on the configuration
settings, the returned result list may contain document snippets (as provided by
Indri’s SnippetBuilder), document scores, document text and other metadata.

Reader This class exposes the functionalities of an Indri index through the method get-
Document in order to return a document’s meta- and text data.

Scorer This class provides access to the retrieval scores of a list of documents via the
method scoreDocuments. In addition, it provides retrieveTopKScores to retrieve
the scores and document ids of the top ranked documents for a query.

Collection. We use the TREC AQUAINT corpus for the experiments in Chapter 3 and
Chapter 4. The corpus contains a total of 1,033,461 documents (or newspaper articles) from
three separate newswires: the New York Times (NYT); the Associated Press; and Xinhua
(XIE). The articles included within the corpus were collected during the period 1996-2000.
TREC AQUAINT was also the collection of choice in the TREC 2005 Robust track [155].
We create a TREC AQUAINT index using the corpus with stopword removal with Indri
stopwords, and a Krovetz stemmer applied. The Indri retrieval system was used. Before
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Table 2.3: Data Collection statistics including the filtered products considered in this work.

Product Depart- Used in this thesis Provided in [91]
ment

Electronics 364,099 498,196
Home and Kitchen 288,880 436,988
Beauty 176,670 259,204
Office Products 122,406 134,838
Sports and Outdoors 244,366 532,197
Toys and Games 230,858 336,072
All departments 1,346,033 2,197,495

indexing, a document was checked to see whether: (i) it had a title; and (ii) a document
with the same title had been indexed previously. These checks were considered to ensure
that all search results from the completed index looked reasonable, and that duplicates
were not present, nor documents with Untitled as the document title.

For (ii), near duplicates were detected using SimHash with parameters blocks = 4 and
distance = 3, following the work by [87]. Intuitively, distance is the bumber of bits that
may differ in matching pairs of documents, and blocks, the number of blocks used that
divide a hashed string of each document. This returned a set of documents judged by the
method to be duplicates, and from that set of documents, we opted to keep the document
with a relevant judgement in the TREC 2005 Robust, while dropping the remaining docu-
ments. If multiple documents judged to be relevant were returned, we randomly consid-
ered a single document—leading to a revised number of relevant documents in the index
(1187 from the 6479 (18.32%) relevant documents were deemed duplicated by SimHash).
Overall, a total of 854,130 documents (82.65%) remained once these two cleaning steps
had been completed.

During the experiments, we also relied on Indri for snippet generation. Query-biased
snippets were extracted from associated documents for presentation within each rendered
SERP. Figure 2.7 shows an example of query-biased generated snippets for the query “tax
evasion indicted”. Results were returned using language modelling (LM) with Dirichlet
smoothing [168] with hyperparameter y set to 2500.

Elasticsearch

Elasticsearch is a distributed, free and open search and analytics engine built on top of
Apache Lucene and was first released in 2010. Elasticsearch for all types of data, includ-
ing textual, numerical, geospatial, structured, and unstructured. In Chapter 6, we create
an index of an e-commerce collection using Elasticsearch as our retrieval provider. We
chose Elasticsearch because it provides the functionality to the search filters presented

in @®.

Collection. We utilise the Amazon datasets collected by McAuley et al. [91], which has
also been widely employed in previous product search research [21, 57, 150, 153, 154, 171].
We selected six different product domains (Amazon departments) for our study as listed
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in Table 2.3. We chose these categories in order to provide a diverse product catalogue.
In addition, these categories are common in the product search literature [21, 57, 153, 154,
171]. We filtered out any product without a title, description, price, or image, as these
are essential for the UL In total, 1,346,033 products were indexed; 851,462 products were
skipped. In addition to the aforementioned product information, we also extracted the
product’s department, reviews, average rating (and thus could show the top five reviews
in the product viewer, as shown at @ in Figure 2.3). Each review consists of a rating, the
review text, and the number of votes cast for the review being helpful.

Indexing. Each product field is tokenised using character n-gram tokeniser (min = 2,
and max = 10), which first breaks text down into words whenever it finds one of a list
of specified characters, then it produces N-grams of each word where the start of the N-
gram is anchored to the beginning of the word (e.g., The becomes T, Th, The). Furthermore,
in order to use the values in the numeric fields to rank search results, we indexed the
fields average rating, the number of reviews, and average sales rank as rank_feature field
type. This field type allows us to store real values for later be used as part of a customised
ranking function, which otherwise would not be possible.

Retrieval. For this dataset, results were returned using rank_feature query ** with
BM25 as base retrieval function with default parameters. We employed a multi-field re-
trieval based on the product title, description, reviews, departments, and brand as text
fields, where the best score of all the fields is used. As we did not have a ground truth
dataset, we selected a few hyperparameters by manually inspecting the search results re-
turned by queries that included a product type together with one attribute (e.g., black head-
phones, white desk, German jersey). For field weights, we set product title field weight
two and the rest field weight one. For the rank_feature query weights, we set weights
for the fields average rating, number of reviews, and average sales rank to 50, 2, and 1,
respectively.

2.4 Challenges and Limitations
We now discuss issues that are usually hidden from view—things that did not go as in-
tended or slowed down the process.

2.4.1 Iterating on the Experimental Setup

We initially implemented the basic version of Searchx with a paper deadline in mind.
This led to a working but not very modular version of SearchX, which we realised when
attempting to implement a number of CSE experiments—for each experiment, multiple
files in both the front-end and back-end required changes. Since we wanted the system
to be reusable for different experiments, we invested effort onto refactoring the code for
a more intuitive experimental setup. We started fixing this in the front-end by separating
out all code related to the experimental setup from the search interface and encapsulating
them into reusable React components. While this simplified the experimental setup, the

Prank_feature query calculates relevance scores based on rank feature fields. See more details on https://www.
elastic.co/guide/en/elasticsearch/reference/7.14/query-dsl-rank-feature-query.html
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communication with the back-end remained a complex issue. We now limit the respon-
sibility of the back-end to only group management and synchronisation, allowing us to
directly implement the limited range of functionality inside the task components. If we
would have spent more time on the initial design, we would have saved substantial devel-
opment time, iterating a number of times on the architecture and the interactions among
the components.

2.4.2 Deploying a Crowdsourced Study

As an effort to support online studies, we adapted SearchX for crowd-sourced studies.
During a first CSE pilot on FigureEight (formerly CrowdFlower), we found crowd work-
ers to not be overly motivated to properly execute our assigned CSE tasks (many tasks
on FigureEight tend to be short and do not require elaborate instructions such as image
labelling). We found two ways around this issue: (i) a new platform and (ii) actively en-
couraging complying behaviour. We switched to the research-focused Prolific'® platform
which was shown to provide higher quality data [110]—something we found to be true as
well in our work. We also spent significant development time on monitoring workers’ at-
tentiveness and actively keeping them on track. We logged browser interactions (change
tabs, context menu) and notified workers about their tab changes in real-time (after n tab
changes a worker is no longer paid). We also added quality control questions and disabled
copy and paste operations in the questionnaires. Complying behaviour is a common issue
in crowdsourcing user studies, especially long user studies as we conduct along this thesis.
A body of work on suggestions on how to insure high qualify of the data was consulted
during this thesis [2]. All these steps improved the quality of data we collected, but were
slow to be implemented as we discovered them as solutions to worker compliance issues
one by one after running another (and another) pilot study.

2.4.3 Synchronising Collaborative Sessions

Running a synchronous search session through a crowdsourcing platform is tricky, since
workers are not available right away, therefore a type of “waiting room” is needed for the
grouping so that workers assigned to a single group start their search session at the same
time. This problem becomes particularly intense as the group size increases—an experi-
ment with 20 workers requires 20 workers to accept the task at roughly the same time.
Another issue we encountered was that workers were disconnected from the grouping
process when the page was refreshed/closed during the waiting period, resulting in the
worker not being able to continue the study. We currently just warn workers that attempt
to refresh/leave the Web page running SearchX but a better way to handle (and entertain?)
workers in the “waiting room” is needed to enable CSE experiments with large group sizes.
Additionally, we also added a Snake game and a Tetris game as entertainment for groups
in the “waiting room”.

2.4.4 Implementing a Document Viewer.
Ensuring that crowdworkers remain within Searchx (and otherwise rescind the payment)
is a good way of ensuring compliance, but of course this idea breaks down when we want

https://prolific.ac/



https://prolific.ac/

34 2 SearchX Framework: Empowering Collaborative Search Research

the workers to interact with the SERP (and click on links and view documents in another
browser tab). We thus needed to implement a document viewer (again requiring valuable
development time) that allows users to view the document within SearchX. This is rather
straightforward for static resources such as text or images, however it is not possible to
render another Web page directly inside SearchX because of CORS (cross origin resource
sharing) restrictions. We thus had to render the URL in the back-end and pass the ren-
dered HTML to an iframe in the front-end. This is an imperfect solution though since the
resulting page is static with most interactive elements disabled, and at times the rendering
is not perfect. We are still improving this aspect of SearchX. Currently, to alleviate the
issue of imperfect renders, we add a button to open the web page in another tab as shown
in Figure 2.8.

2.4.5 Dynamic Result List and System Mediation

If the regulator layer of SearchX is used, the list of results is no longer a function of only
the user’s query, because it can change based on other input data as described in Section
2.3.2. In our experience this can lead to several challenges.

For instance, one aspect that needs to be considered when implementing system me-
diation is the interaction of the mediation features with the search interface. A result list
that is modified can lead to a jarring user experience, especially if the list updates in real
time. We consider that it is better to apply changes to the SERP after a user initiates an
action (e.g., a new query or page change); by combining the update due to system me-
diation with a user-initiated update of the SERP the user is not confused that the page
changes. Another approach to prevent confusion is to indicate to users when results have
been omitted or re-ranked and to give them the option to enable and disable mediation
features. In this manner, users are given the autonomy to decide when system mediation
features are useful.

2.4.6 Synchronised Algorithmic Mediation

Shared relevance feedback and division of labour can be implemented in one of two ways:
either immediately or delayed. In the immediate version, as soon as a collaborator saves
a document that action should be reflected in the SERPs of all collaborators—not just by
updating the shared saved documents list and hiding the document in question from the
SERPs, but also by rerunning each user’s submitted query with the new set of relevant
documents. This is likely to confuse users as they cannot anticipate when (and why) a
result ranking suddenly changes; worse still, if a user paginates through the result list, she
might miss the newly highly ranked relevant documents because she is looking at lower
ranks. We overcome this issue by opting for delayed relevance feedback and division
of labour: only when a collaborator issues a new query are the updated saved documents
included in the ranking model, and are saved and excluded results hidden. Documents that
are promoted by relevance feedback to a previous page are always shown on the current
page, to prevent users from missing potentially relevant documents. Note, that in this
delayed update model, the status change of the saved documents widget and save/exclude
buttons attached to each search result are still immediately occurring.



2.5 Conclusions 35

2.4.7 Software Testing and Logging
Since the SearchX’s version lWill, we have been coping with software testing, with contribu-
tors of SearchX did not have enough knowledge to specify and implement tests. Our initial
tests were first implemented in the backend, where the search provider and cache had unit
tests. After adding the collaborative features such as synchronisation of recent queries and
saved documents, we did not implement unit tests and manually tested if the component
was implemented as intended. SearchX’s version do not have any unit tests, which
could be included using libraries such as the React Testing library ’. Unit tests can be
beneficial to facilitate researchers to implement different components for Searchx.
Another issue with SearchX is reliable logging. We have observed that developers
must manually add repetitive logging functions to capture clicks, scroll, and hovers for
logging interactions in new components. Besides, logging of mobile devices and tablets
are not reliable, and during our user studies, we have thus far disabled the use of SearchX
in such devices as we would have to capture touch screen triggers. Therefore, integration
with much more reliable logging libraries such as LogUI [89] is still an ongoing project for
future development.

2.5 Conclusions

In this chapter, we have presented SearchX, a CSE system whose design and implemen-
tation is an ongoing process, born out of the unmet need for an open-source CSE tool
that can be deployed online without the need for additional installations (one of the main
reasons for ruling out Coagmento for our purposes). SearchX implements essential fea-
tures of CSE and accommodates extensions for future research. During the development
of Searchx we have been faced with many challenges that included failures and success
stories when shipping SearchX in CSE user studies using crowd-sourcing platforms and
lab user studies.

We have described the versions we developed in this thesis, but there have been a few
parallel developments of SearchX that are worth mentioning. Roy etal. [121] incorporated
a notepad where users could copy and edit texts from documents and snippets, which
allows users to collect, share and make sense of information from their searchers. Roy
etal. [121] also modified the document viewer to enable users to highlight pieces of text in
the document viewer, which also helps users to share awareness among members. Camara
et al. [28] provided a task scaffolding widget to guide users in their exploratory search to
acquire knowledge about a given topic, which can be beneficial to users construct and
make sense of the information they find in their search exploration. Salimzadeh et al.
[123] developed an entity card widget to measure how much entity cards can support
knowledge gain in learning-oriented tasks. Finally, Maxwell and Hauff [89] have provided
LogUI library, a library to avoid inconsistent logging issues in web applications such as
SearchX, which has been incorporated to Searchx and will provide reliable logging to
future researchers.

Yhttps://testing-library.com/docs/react-testing-library/intro/
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On the Impact of Group Size on
Collaborative Search Effectiveness

In this chapter, we investigate the first research theme of this thesis on the impact of differences
in group configurations in CSE. In particular, we aim to shed light on the effectiveness of
CSE when we vary group sizes. To this end, we present a large-scale experiment with more
than 300 crowd-workers. We consider the collaboration group size our dependent variable
and investigate collaborations between groups of up to six people. We find that most prior
(simulation-based) results on the impact of collaboration group size on behaviour and search
effectiveness cannot be reproduced in our user study. The results in this chapter indicate that
a further scaling up of group sizes is feasible with existing CSE features and can potentially
lead to new research avenues in the CSE space. The contributions of this chapter have been
mainly published in [96].
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3.1 Introduction

One dimension that has largely been considered as a constant in CSE studies is the size of
the collaborating group. Almost all existing CSE studies—no matter if evaluated in a lab
or a simulation setting—consider groups of either two [23, 24, 55, 63, 64, 69, 73, 102, 111,
126, 129, 135, 136, 144], three [3, 103] or four [31, 109] users. This strong focus on pairs
of collaborators can be explained by the fact that many studies investigate novel CSE
features to, for instance, increase awareness of group members’ interactions; to facilitate
the sharing of knowledge among users; and to employ division of labour. As the number
of experimental variants in such studies can increase quickly, a common way to limit the
number of variants is to keep the group size constant. In addition, fixing the group size to
either two or three users is often motivated by two large-scale surveys that were conducted
on the use of CSE in 2006 and 2012 respectively [100, 101]. During that time period, the
frequency of CSE episodes increased ten-fold with more than 10% of surveyed users in
2012 reporting daily CSE episodes. When asked about their most recent CSE episode (in
the 2012 study), slightly more than half of the participants reported this having been a
collaboration between two or three users; at the same time, more than 21% of respondents
reported group sizes of five and more. Thus, collaborations between more than three users
are not a rare occurrence, though they are hardly investigated in research.

An exception to the observations above is [70] who—in a simulation study—investigated
the effect of changing group sizes in CSE. Groups of up to five simulated users were ex-
plored across a range of algorithmic mediation strategies (some of which we also explore
in our work); the authors found larger group sizes to lead to higher search effectiveness in
a recall-oriented task, albeit with diminishing returns. Simulations though are by defini-
tion simplifications of the real world. They ignore the increase in cognitive load real users
are likely to experience as group sizes increase and coordination efforts become more dif-
ficult to manage. There is thus a lack of evidence of (i) to what extent the simulation
findings carry over to a real user study, and, (ii) to what extent the currently existing CSE
mechanisms (algorithms as well as interface elements) scale to group sizes beyond the
commonly investigated sizes of two or three. In order to investigate these issues, we de-
sign a crowd-sourcing user study guided by the following overarching research question
already introduced in Chapter 1:

RQ1. What is the impact of group size on CSE in terms of retrieval effectiveness and
search behaviours?

To answer RQ1., we use our CSE framework Searchx (see Chapter 2) with algorith-
mic mediation (among others, shared relevance feedback) that was found to be effective
in prior works. Our crowd-sourcing study with 305 participants based on prior best prin-
ciples with group size as main dependent variable, and we use groups of 2, 4 and 6 collab-
orating searchers. Due to the limitation of finding a number of large groups for our study,
our end point is set group size of six.

The main contributions and findings of our work are:

+ We find most prior simulation-based results on the impact of group size on be-
haviour and search effectiveness to not hold in our user study with several hundred
crowd-workers.
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« Importantly, in our study—conducted across three difficult recall-oriented search
topics—we do not observe diminishing returns (measured in recall) when scaling up
group sizes from two to six collaborators. Our results indicate that a further scaling
up of group sizes is feasible with existing CSE features and can potentially lead to
new research avenues in the CSE space.

3.2 Related Work

In Chapter 2 we have introduced related work on CSE systems, and SearchX, our CSE
system. In this section, we describe related work that connects to the group sizes in CSE.
As described in Chapter 2, four design principles have been formulated by [99]:

1. raising awareness among the collaborators about their activities (e.g. by providing
a shared query history);

2. enabling the division of labour (e.g. by automatically providing different results to
collaborators or enabling collaborators to chat and divide the search task manually);

3. persistence (e.g. by storing the query history persistently);
4. enabling sensemaking (e.g. by providing multiple views of the common activities).

The first two design principles are most often explored in the information retrieval
community. Approaches to raising awareness and dividing the labour can be categorised
as belonging to one of three levels [70]: the interface level (e.g. a chat widget enables
users to divide the work manually), the techniques level (i.e. established IR technologies
such as document clustering are employed to facilitate the collaboration) or the ranking
model level (i.e. the ranking model is adapted specifically for the collaborative use case).

We now present prior works in each of these categories in turn and then finish the
section with an overview of existing tools and a detailed look at prior works on group
size dynamics in CSE. We focus in particular on the ideas presented in prior works, as the
reported findings are often based on small user studies—some of those more than ten years
old—that explore the use of a single CSE system in a single setting. Table 3.1 presents an
overview of key user study statistics (group sizes investigated, number of topics, corpora
used, etc.) across a range of user studies; as a comparison, the final row showcases our
study.

3.2.1 Interface Level

Morris et al. [103] proposed to raise awareness among collaborators about their querying
actions by incorporating visual hints (such as underlying collaborators’ query terms) at
the search snippet level. In an earlier user study, Morris and Horvitz [102] had shown
that a shared query history among collaborators is a significant source of SERP views,
with more than 30% of SERPs in the study being retrieved from query history clicks. In-
stead of just a simple shared query history, the CoSense system [109] provides users with
a detailed shared timeline (providing information on clicks, views and chat messages) as
well as a shared workspace. Capra et al. [31] included filtering options in the SERP, en-
abling collaborators to view the documents rated as (non-)relevant by their collaborators.
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Table 3.1: Summary of key statistics of empirical evaluations of CSE: 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, [lab-nat.] to a lab user study
where users self-selected their search task(s). Collection refers to the data collection used. - indicates that it is
unknown.

GS #G #T Type Collection

lab-nat. Web
lab-nat.  Web
lab-nat.  Web
4 24 lab-fixed TRECVido7
12 lab-fixed Aquaint
12 1 lab-fixed Web
500 13 sim. Aquaint

Morris and Horvitz [102]
Amershi and Morris [3]

Morris et al. [103]

Pickens et al. [111]

Joho et al. [69]

Paul and Morris [109]

Joho et al. [70] 1-
Shah et al. [129] 5 10  sim. -

Capra et al. [31] 11 1 lab-fixed Aquaint

2

3 12
3

2

2

4

5

2

4

Gonzélez-Ibafez et al. [55] 2 30 1 lab-fixed Web

2

2

2

2

3

2

2

2

3

6

10

—_ W

w

Kelly and Payne [73] 8 1-3 lab-nat. Web

Soulier et al. [136] - 20 sim. TREC Vol. 4

Soulier et al. [135] 70 1 lab-fixed Web

Tamine and Soulier [144] 75 1 lab-fixed Web

Shah et al. [130] 2— 34 1 lab-fixed Web

Htun et al. [63] 55 13 sim. Aquaint

Bohm et al. [23] - 314 sim. OHSUMED, CLEF-IP
Htun et al. [64] 10 3 lab-fixed Aquaint

Shah et al. [131] 34 1 lab-fixed Web

2
Our work 2- 67 3 lab-fixed Aquaint

This, though, did not lead to higher recall levels as often collaborators rated the same doc-
uments instead of exploring new areas of the search space. Diriye and Golovchinsky [41]
incorporated a search result histogram in the UI of their CSE system, enabling users to
keep track of the queries that resulted in a document being retrieved.

Facilitating the division of labour—beyond providing a chat widget as offered in a
number of systems, e.g. [102]—has been explored, for example, in the CoSearch system [3]
which assumes a shared-computer CSE setting with one main device (e.g. a Desktop) and
several smaller devices (e.g. mobile phones) to enable distributed control of the search.
The SearchTogether system [102] includes a “recommendation queue” interface feature,
enabling users to recommend documents to their collaborators for reading.

3.2.2 Techniques Level

Beyond the interface level, SearchTogether [102] also offers a “split searching” mechanism
to distribute the labour (and thus avoid redundancy) with just one of the collaborators
submitting a query and the search system splitting the search results in a round-robin
fashion across all group members for evaluation. A more intelligent form of splitting was
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later proposed by Morris et al. [103]: here, each collaborator’s personal profile was taken
into account in the splitting process. Joho et al. [70] approached split searching by topical
clustering with every collaborator receiving the documents associated with a particular
aspect of the topic but did not observe increased search effectiveness compared to simple
round-robin splitting.

3.2.3 Algorithms Level

While considerable work on the techniques level investigates how best to split up the docu-
ment space, on the algorithms level we consider changes made to the retrieval algorithms
themselves, in particular changes based on asymmetric user roles. Here, collaborating
searchers are no longer treated as equals but are either assigned fixed [111, 129, 136] or
dynamic roles [135] based on their search strategies and behaviours.

Pickens et al. [111] were one of the first works to propose algorithmic mediation, for-
mulating two roles in a CSE process, each with their specific ranking algorithm and user
interface designed for their respective task: the prospector issues diverse queries in order
to explore the search space while the miner acts as assessor of documents, in particular
those occurring highly ranked in many of the prospector’s result lists. Two alternative
role types that no longer differ in their task (issuing queries vs assessing documents) but
in the type of information received were introduced by [129]: the gatherer receives result
lists optimised for effectiveness while the surveyor receives result lists optimised for diver-
sity. In both studies, role-based algorithmic mediation led to a higher search effectiveness
than the naive merging of search results by independent pairs of searchers.

Additionally, previous works have shown similar positive results when assigning col-
laboration roles (i) according to domain expertise [136] or (ii) dynamically based on users’
search behaviours [135].

Lastly, [23] have developed a first formal cost model for collaborative result ranking
with the aim of deriving (theoretically) optimal collaboration strategies.

3.2.4 Group Size Dynamics
Let us consider once more the work of Joho et al. [70] who investigated the impact of
changing group sizes on retrieval effectiveness in a simulation study. Specifically, the
query and assessment actions of collaborating groups (one to five users per group) were
simulated® and eight different search strategies aimed at knowledge sharing and division
of labour were evaluated (including independent searching, searching with judged docu-
ments removed from the SERP, query expansion with independent/shared relevance feed-
back, etc.). Increasing group sizes led to increased search effectiveness measured in recall,
though with diminishing returns—the largest change in retrieval effectiveness (= 50% in-
crease) was observed when a second member entered the team, the smallest when adding
the fifth member (5-12% increase depending on the search strategy). However, due to the
simulated nature of the study, it is unclear whether those findings will also hold when real
users are collaborating—we investigate this very research gap in this chapter.
Additionally, despite not being the focus of this chapter, co-located studies have shown
some evidence that increasing group sizes can provide higher group recall in recall-oriented

Note, that the simulation made use of the Robust track 2005 data [155]; we use the same topics and corpus in
our experiments.
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tasks (groups of three performed significantly better than pairs) [130]. Shah et al. [130]
found that groups of three could cover more subspaces of the search space and divide the
work more successfully. In this chapter, we also investigate if this holds for groups larger
than three.

3.3 Hypotheses

Before describing the study design, we now list the specific hypotheses we investigate in
this chapter. We derive our hypotheses based on results found in previous works in [70,
130]—all of them related to the impact of group size on search behaviour, effectiveness
and processes.

H1 As group sizes increase, group recall increases, with diminishing gains.

H2 For topics with a higher number of relevant documents, increased group size will
significantly impact group recall (as it takes more effort to cover all relevant docu-
ments).

H3 Larger groups are more useful at the beginning of the search session, with gains
in recall over smaller group sizes decreasing as the search session progresses.

H4 Sharing of knowledge across a group of users increases their group recall; the effect
is similar across group sizes.

H5 Larger groups will discover more areas of the information landscape that they
might have otherwise missed working by themselves.

Hé6 The benefits of adding extra members are inversely proportional to the group recall,
and it is smaller at the early stages of the search session.

3.4 Study Design

In this section, we present details of our study design, the search variants, SearchX setup,
search topics and retrieval models. Then, we describe our experiment in more information,
including the crowd-sourced task setup, questionnaires, and evaluation methodology.

3.4.1 Search Variants

To study the impact of different collaboration features we deployed three variants of our
search system. The three search system variants we explore are listed in Table 3.2; we also
point out their correspondence to the variants discussed by [70]. Variant S-Single does
not contain any CSE affordance, each searcher receives a single-user search instance. In
contrast, variant S-UI-Coll provides two interface-based awareness features: a shared re-
cent query and a shared saved-documents widget making all queries and saved documents
available to all collaborators (see @ and @ in Figure 2.3 in Chapter 2). In addition, we
also implemented a soft division of labour (DoL): results saved by any collaborator are by
default hidden from the result listings of all collaborators in the group (though it is possi-
ble to “unhide” them); documents explicitly marked as “exclude” by any collaborator are
also hidden by default (see Figure 2.7 in Chapter 2). The third variant, S-UIAlg-Coll has
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the same features as S-UI-Coll as well as algorithmic mediation for sharing of knowledge.
Concretely, we implemented shared relevance feedback (RF), where the documents saved
by all collaborators are employed in the query expansion stage of all collaborators.

We selected S-Single and S-UI-Coll in order to determine the benefit of adding more
collaborators in a basic CSE setting—instead of designing an interface with as many CSE
features as possible, we aimed at a search interface that looks familiar to today’s web
searchers while still providing awareness and soft division of labour features. We chose
not to include a chat widget, as with increasing group sizes the existence of a chat is likely
to lead to a long start-up time (users communicating and managing their searches). We
chose S-UIAlg-Coll, as shared RF has been shown to significantly outperform all other
variants in [70]’s simulation study.

In addition, we explore here to what extent the simulation results hold in an experi-
ment with actual users (i.e., crowd-workers). While crowd-workers are only an approx-
imation of “real” users, they are as close as we can get in a large-scale user study. We
hypothesise that with users the benefits of shared RF may be outweighed by the cognitive
load experienced by users whose search results no longer match their expectations (and
this problem is likely to get worse as group sizes increase).

Due to the large number of study participants already required for those three search
variants, we opted to not include a fourth search variant with individual relevance feed-
back.

Table 3.2: Overview of our CSE conditions and their correspondence to the variants explored by [70]. Notice
that the judged documents are automatically hidden (though “unhiding” them is possible too).

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

Similar to SS1of [70]’s variant “Team members performs search
independently”

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

Corresponds to SS2 of [70]’s variant “SS1 with unjudged docu-
ments only”

S-UIAlg-Coll S-UI-Coll + Shared relevance feedback (awareness, interface-
level division of labour and system-level sharing of knowledge)

Corresponds to S54 of [70]’s variant “SS3 with shared relevance
feedback”

3.4.2 SearchX Setup

We used our search system SearchX version (see Figure 2.3 in Chapter 2). For single-
user search participants, we provided SearchX with a search box without search verti-
cals @, a document viewer (see Figure 2.8) without document rating @) and document
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annotation @, recent queries group @), and saved documents @). For the synchronous
CSE of two or more users, we also included the interface elements recent queries group @
and saved documents @) but with colour coded for each group member (see Figure 2.6a).
Next, we describe implementation details on how we synchronised crowd-workers and
algorithmic mediation.

Synchronising Crowd-workers

In lab studies, experimenters often sign up groups of collaborating users, e.g. [69, 73, 102,
103, 109, 144], instead of individuals that are grouped together on the fly—those groups are
stable, it is unlikely that a member drops out in the middle of the experiment. In a crowd-
sourcing setup, we can neither sign up groups of workers that know each other nor ensure
that every worker completes the task. To overcome these issues we implemented a virtual
“waiting room” where crowd-workers who signed up for our task were asked to wait up
to 10 minutes (we also offered a game of snake to pass the time). Once the desired number
of crowd-workers had signed up, or the ten minutes were up, they received a shared CSE
session (randomly assigned to one of the three search variants) and the waiting room
became available for the next set of crowd-workers. In the case where the desired number
of collaborators was not reached, our system split up the active collaborators into one or
more different CSE instances, depending on the number of participating groups required
for each group size. Concretely, we initially settled on evaluating collaborations between
groups of sizes 1 (i.e. single-user search), 2, 4 and 6 collaborators. If for example after 10
minutes of waiting five workers had joined our virtual waiting room, the system created
two groups (one of size 1 and one of size 4).

Lastly, since each group had to tackle three search topics, we could not rely on workers
to individually move to the next search topic. We provided workers with a visible timer
and the interface switched automatically to the next topic after 10 minutes, ensuring that
collaborators remained synchronised in their search topics.

Synchronised Algorithmic Mediation

Shared relevance feedback (utilised in S-UIAlg-Coll) and division of labour (utilised in S-
UI-Coll and S-UIAlg-Coll) can be implemented in one of two ways: either immediately
or delayed. In the immediate version, as soon as a collaborator saves a document that
action should be reflected in the SERPs of all collaborators—not just by updating the shared
saved documents list and hiding the document in question from the SERPs, but also by
rerunning each user’s submitted query with the new set of relevant documents. This is
likely to confuse users as they cannot anticipate when (and why) a result ranking suddenly
changes; worse still, if a user paginates through the result list, she might miss the newly
highly ranked relevant documents because she is looking at lower ranks. We overcome
this issue by opting for delayed RF and division of labour: only when a collaborator issues
a new query are the updated saved documents included in the ranking model, and are
saved and excluded results hidden. Documents that are promoted by RF to a previous
page are always shown on the current page, to prevent users from missing potentially
relevant documents. Note, that in this delayed update model, the status change of the
saved documents widget and save/exclude buttons attached to each search result are still
immediately occurring.
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3.4.3 Search Topics and Retrieval Models

As corpus we chose TREC AQUAINT (see Chapter 2.3.4). Although it is an older and
rather small corpus, it is still a preferred choice for interactive IR studies due to its clean
nature (newswire texts). It was also the collection of choice in the TREC 2005 Robust
track [155]; and we thus refer to it (TREC AQUAINT plus TREC 2005 Robust track topics)
as ROBUSTO5. It is focused on 50 poorly performing topics in an ad hoc retrieval setting.
In order to select the topics for our study, we took the best three automatic runs submit-
ted to ROBUST05 and for each topic computed the mean of the average precision across
those runs. We ranked the topics in ascending order and considered only the first ten, i.e.
the topics most difficult for the best performing retrieval systems at the time. We chose
those topics, as CSE is most appropriate for difficult search topics; note that this choice
is in contrast to prior TREC AQUAINT based CSE studies (see Table 3.1) that often opted
for interesting topics, largely ignoring topic difficulty. As some of those ten topics share
relevant documents, we manually selected three very different topics with the additional
constraint of at least 30 relevant documents and at most 100 relevant documents in the
corpus—too many or too few relevant documents will limit the insights we can gain from
our study. We note, that only topic 367 overlaps with the topics employed by [70]. Ac-
cording to our selection criteria, the remaining topics employed in the simulation study
were not of sufficient difficulty. Additionally, because we aim to collect evidence for our
subspace exploration hypothesis (see hypothesis H5), we need subtopics for the topics in
ROBUST@5. However, subtopics are not provided by the organisers. Thus we considered
an extension of the ROBUST@5 corpus provided by [90] for topics 341 and 367 and their
subtopics. They manually selected subtopics (aspects) for five topics, and two of them
(341 and 367) overlapped with the topics we chose for this study. Finally, as described
in Chapter 2.3.4, we removed duplicated and invalid documents from TREC AQUAINT,
which also included relevant documents in the original ROBUST@5. The final three topics
are listed in Table 3.3, with the number of relevant documents before and after cleaning
and the number of subtopics per topic acquired from [90].

Table 3.3: ROBUST®5 topics selected for our study, including the number of relevant documents in TREC AQUAINT
(after and before cleaning duplicates and invalid documents) and the average AP of the three top performing
ROBUSTO05 runs. Last column refers to the number of subtopics (aspects) provided by [90].

#Rel. #Rel. aft
ID Topic e o AN av. AP # Subtopics
original cleaning

341 airport security 37 32 0.08 14
Example subtopics:
lagos airport
los angeles international airport
miami international airport
367 piracy 95 81 0.09 17
Example subtopics:
gts katie, virgin pearl
marine master
650 tax evasion indicted 32 24 0.09 -
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In variants S-Single and S-UI-Coll, the retrieval algorithm is language modelling (LM)
with Dirichlet smoothing [168] with hyper-parameter setting p = 2500. The relevance feed-
back (RF) variant S-UIAlg-Coll implements relevance-based language modelling [83], in
particular RM2 with 10 feedback terms and all documents saved by the collaborators. In
an offline experiment we found RM2 with true RF (as found in the official TREC relevance
judgement file) to outperform the LM baseline on average by 82.65% across our three top-
ics: we sampled 5 relevant documents per topic from the official qrels 20 times, retrieved
ranked lists of results based on RM2 and LM, removed those 5 relevant documents from the
result lists (and the relevance judgement file) and computed the recall. Thus, as long as our
participants save (mostly) relevant documents, RF will improve the quality of the search
results compared to the non-RF based language modelling variant employed in S-Single
and S-UI-Coll.

3.4.4 Crowd-sourced Task Setup

We opted for a crowdsourcing setup due to the number of participants we require: three
search variants, each evaluated with ideally four group sizes (1/2/4/6). We aim for ten
groups in each setup—a common size, cf. Table 3.1—thus requiring more than 300 partici-
pants, considerably more than in any of the listed lab studies.

We recruited workers from the Prolific platform? which has been shown to be a more
reliable source of workers for cognitively demanding tasks than MTurk or FigureEight
(formerly CrowdFlower), two other popular crowdsourcing platforms [110]. Workers can
only participate once in our study. Each worker, once accepting the task, is directed to our
server and moves through the workflow depicted in Figure 3.1. The pre-task questionnaire
contains a description of CSE and four CSE questions borrowed from [101] to prime the
workers for the upcoming CSE tasks:

1. How often do you engage in collaborative Web search? 5-Likert scale [Daily, Less

often]

2. Describe what were you looking for. (e.g. husband and wife planning a trip for the
family, a group of students working on a writing assignment and sharing search
results/findings, a couple shopping for a new sofa, etc.)

3. With how many others did you collaborate (not including yourself)? [Number]
4. It was easy to determine if a document was relevant to a task. [Disagree, Agree]

The waiting room component contains an explanation of the “waiting room” concept, a
visible timer, the option to play a game of snake and the option of an audio alert, to enable
the worker to use other browser tabs while waiting for sufficiently many workers to join.
Once workers move to the CSE phase, they first receive an interactive tour of the search
interface before starting to work on their assigned topics, which we randomised the order
that they were provided to mitigate learning effects in our analyses. To provide context for
the ad-hoc search topics, we employed the task template in Figure 3.2, inspired by previous
studies [11, 80]. After 10 minutes of searching, all collaborators are automatically moved
to the next search task to ensure synchronisation. This recall-oriented task can be found in

*https://www.prolific.co/
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settings such patent-retrieval and e-discovery and represents a typical task in CSE which
induces a complex and exploratory behaviour from users as discussed by [101].

The post-task questionnaire contains the following seven questions on search satisfac-
tion typically asked in interactive IR studies [72]. We also asked questions to evaluate the
collaborative features we provided from Searchx:

1. How many people did you just now collaborate with (not including yourself)? [Num-

ber]

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

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

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

5. It was easy to determine if a document was relevant to a task. [Disagree, Agree]
6. How difficult was this task? 5-Likert scale [Very easy, Very difficult]

7. Did you find the collaborative features useful (multi-grid question with one row
for each feature: recent queries, saved documents, and hiding saved and excluded
results)? 5-Likert scale [Disagree, Agree]

Collaborative search phase

Pre- iy 5 €5 €D Post-
task Waiting Topic  Topic  Topic task
Room 1 2 3
Q. Q.
~2 minutés max. 10 minute; ~32 minutes - ~2 minutés

Figure 3.1: Overview of a worker’s flow through our system.

Imagine you are a reporter for a newspaper. Your editor has just told you to
write a story about [ROBUST@5 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: [ROBUST®@5 topic description].

Figure 3.2: Task template for our study.

Workers are assigned to search variants and group sizes at random; the order of the
three search topics is randomised per group.
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3.4.5 Post-processing of Collected Logs

Due to the unpredictable nature of crowd-workers, a synchronised CSE experiment is not
easy to conduct. As group sizes increase, it becomes more difficult to form groups (as
sufficiently many crowd-workers have to choose the task at roughly the same time) and
worker dropout becomes more likely during the task. We mitigate these issues in three
steps:

1. On a per topic basis, we only consider collaborators as active in a group that issued
at least one query for the topic.

2. We consider the number of collaborators in a group on a topic-by-topic basis (we
only count active collaborators), instead of fixed across all three search topics. For
instance, if a group starts with four workers, and one worker becomes inactive after
the first search topic and another worker drops at the start of the third topic, we
consider this as a group of four collaborators for the first topic, a group of three for
the second topic and a group of two for the third topic.

3. As after these two steps we have groups of three and five collaborators, we subsume
the logs of groups of 3-4 and 5-6 collaborators respectively into two groups in the
analyses that follow. Overall, we thus analyse four group sizes: {1,2,{3,4},{5,6}}. We
decided on this merging strategy (instead of for instance merging together groups
of 2-3 participants) as [70] found in their simulation study the addition of the second
collaborator to bring about the greatest benefit in terms of search effectiveness.

Table 3.4 provides an overview of how many groups in total (67 groups with between 2
and 6 participants—recall that a group has three topics to participate in) participated in our
experiment across all search variants after the above post-processing steps. As S-Single
is the single-user search setup, we collect 12 instances of single-search tasks and then
simulate the behaviour across larger group sizes by grouping users together and merging
their saved documents in line with prior works [47, 63, 70, 111]. We group users together
by considering all possible combinations for each group size, ensuring that the data for
each user is weighed equally in the results.

A total of 335 workers participated in our study, of which 30 were excluded since they
did not perform any actions. We thus had 305 valid participants. In Table 3.4 we have the
largest number of groups (16) for condition S-UIAlg-Coll and groups {3,4}. This artefact
can be explained by the fact that regularly participants assigned to collaborating in a team
of six (which required the longest waiting time) grew impatient and dropped out, and thus
often the result were formed groups of three or four participants. On average, our workers
spent 42 minutes on the task, including the at most 10 minutes in the virtual waiting room.
We paid £3.75 for the task, which was above the price suggested by the Prolific platform.

The drop-out rate of participants during the experiment was 30.4%, that is the rate of
groups starting off with at least two collaborators that decreased in size whilst working
through the three topics.

3.4.6 Evaluation Metrics and Statistical Tests
We use the following metrics and statistical analyses to compare the search variants and
group sizes in line with previous works by Joho et al. [69] and Pickens et al. [111].
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Table 3.4: Number of groups across search variants, topics and group sizes. Number of groups across search
variants, topics and group sizes. For S-Single, we created artificial groups by simulating the CSE behaviour
across larger group sizes with the data collected from the single-user search data.

TopicID {1} {2} {34} {56}

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

Retrieval effectiveness: in order to measure retrieval effectiveness, we employ group
recall which is defined as the recall for the union of the sets of documents that each col-
laborator saved in comparison with documents provided relevant by TREC 2005 Robust
track [155]. This metric is appropriate, given the fact that we designed our search tasks
to be recall-oriented. The group recall GR(g,t) is calculated for each group g and topic
t. To calculate the average group recall AGR(s, t) for all groups for size s and topic ¢, we
average group recall across all groups in a given size category:

AGR(s,t) = > GR(g.t). (3.1)

|Gs,t| gEGs,z

where GR(g, t) is the group recall measured as the number of relevant documents retrieved
by a group g for topic t divided by the number of relevant documents in the collection for
topic t.

We also considered average group subtopic recall (AGSR). To calculate AGSR(s, t,S;)
for all groups for size s and topic ¢ and its subtopics S;, we average group subtopic recall
all groups in a given size category:

AGSR(s,1,5;) = > GSR(g.t,S)). (3.2)

|Gs,t| gGGs,t

where GSR(g, t,S;) is the number of subtopics retrieved by group g for topic ¢t divided by
|S;|, which is number of subtopics for topic t.

Temporal analyses: at a number of time points during a search session—specifically,
after each minute—the group recall for each group is computed; here, we only take docu-
ments saved until that point in time into account. The search session start time is fixed to
the time the first member of a collaborating group submits a query. Average group recall
for different group sizes is computed in the same manner as discussed above.

Statistical analyses: in order to compare the impact of group size and search variant
in Section 3.5, we conducted a two-factor analysis of variance (ANOVA) separately by
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each topic. We examined the ANOVA assumptions with Levene’s test (homogeneity of
variances) and Shapiro-Wilk’s test (normality of the ANOVA residuals). We conducted a
post-hoc analysis using Kruskal-Wallis for the S-Single search variant and Tukey’s HSD
test for the other search variants.

3.5 Results

We now first present an overview of the main outcomes of our study and provide insights
into our participants’ search behaviours. We then discuss these results in light of the
research hypotheses listed in Section 3.3.

The main results of our study are shown in Figure 3.3 where we present a detailed
overview of the development of average group recall across time, different group sizes
and search variants. Two main observations can be made:

« in all cases a larger group size leads to a larger recall level;

« in line with Joho et al. [69]—and in contrast to [126]—we did not observe a syn-
ergy effect: pairs of collaborators were not more effective than two independent
searchers whose results were aggregated.

Table 3.5 lists the average group recall on a per-topic basis, with statistical differences
in recall across group sizes and search variants highlighted—note that due to the nature
of S-Single (where group sizes > 1 are simulated) it is not possible to reliably test for sta-
tistical differences between S-Single and S-UI-Coll/S-UIAlg-Coll. We find that group
sizes of {3,4} and {5, 6} respectively to lead to significantly higher recall levels than smaller
groups. Next, we present our results and provide evidence supporting or not the hypothe-
ses that aim to answer our research question.

3.5.1 Search Behaviours

To provide insights into participants’ search behaviours as well as to ascertain that our
participants conducted searches as intended, we list major characteristics of their indi-
vidual behaviour in Table 3.6. In order to aggregate participants’ behavioural traces in a
meaningful manner, we resorted to computing the median value across all participants of
a certain collaboration group size, topic and search variant. Since we have three topics
in total, we then computed the average of the three median values. We observe across
search variants and group sizes, that the median number of queries issued by a searcher
for a topic varies between 5 and 9 with queries being of moderate length (3 to 4 terms). We
find a decreasing trend in the number of viewed documents as well as the amount of time
spent on each document viewed for participants in larger collaborating groups—there are
two possible explanations for this trend: on the one hand, the participants may be more
occupied with the activities of their collaborators (as they appear in the shared query his-
tory and the shared bookmarking widgets) or, on the other hand, the participants may be
more complacent, knowing that their collaborators are active in the same search task. The
last column in Table 3.6 shows that complacency is not a likely explanation, as the num-
ber of unique saved documents remains relatively stable across collaborative group sizes
(with the exception of the single-user case). Finally, we note that the document viewing
time is rather short (between 8 and 13 seconds in Table 3.6); this can be explained by the
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Figure 3.3: Overview of the average group recall for each topic and search variant measured in one-minute time
intervals.

fact that the TREC AQUAINT documents themselves are relatively short, with an average
length of 438 words.

Based on these statistics and a manual check of a sample of search logs our participants
generated we conclude that our participants provide valid log traces for our analyses.

3.5.2 Search Effectiveness across Group Sizes
From Table3.5, we make our first observation with respect to recall: for none of the topics,
search variants and group size combination is the reported recall greater than 0.4, indi-
cating the difficulty of the topics and the potential benefit an increasing collaborator pool
could bring about. We also see that, despite picking the most difficult topics, the maximum
recall varies considerably (Figure 3.3), with a maximum of 0.2 (topic 650), 0.3 (topic 341)
and 0.4 (topic 367) respectively.

While the trends across topics and search variants in Figure 3.3 are similar, there are
two apparent outliers: Figure 3.3b shows a significant recall gap (the recall doubles) be-
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Table 3.5: Topic-wise average group recall (averaged across all groups in a single topic/search-variant) across
conditions and group sizes. Statistical significance was determined via Tukey’s HSD test independently for each
topic; in each topic column, significant improvements at p < 0.01 with Bonferroni correction are marked with
superscript Y. X is the search variant (‘T in the case of $-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 show significantly different results at p < 0.01).

Group Average group recall per topic
size
650 367 341

1 0.094 0.134 0.070
S-Single 2 0.131 0.210 0.119

3-4 0.171 0.308 0.184

5-6 0.198 0.376 0.230

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

3-4 0.146 0.249 0.159"

5.6 0.20811,12,A1 0.39111,12,A1 03051112, 134,A1,A2

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

3-4 0.16912:A1 034911, 12,41 0.21411:A1

5.6 021911, 12,A1,A2 (5 40411,12,134,A1,A2 () 943T1,12,A1

tween group sizes of {3,4} and {5, 6} and Figure 3.3h shows no change in recall between
group sizes of one and two. We did not observe anomalies in the search logs across those
two topic/variant setups; based on this finding we argue that these are slight variations
are a result of our user study setup.

Across all search variants and topics we find the first part of H1 (As group sizes increase,
group recall increases ...) to be supported. In S-Single each additional group member
results in a similar absolute increase in recall levels at the end of the search session, i.e. at
the ten minute mark in Figure 3.3.

In contrast, for the interface-based collaboration variant S-UI-Coll we find only small
differences in recall level between teams of one (i.e. a single searcher) and teams of two
collaborators at the end of the search session. The largest increase in recall (ranging from
+42% to +92% depending on the topic) occurs when moving from groups of {3,4} to groups
of {5,6} collaborators. The significance tests reported in Table 3.5 show that within S-UI-
Coll for all topics the largest group size yields significantly better recall levels than group
sizes of 1 and 2. In case of topic 341 the difference is also significant with respect to group
size {3,4} for the S-UI-Coll variant.

A somewhat different picture once more emerges when considering algorithmic me-
diation (S-UIAlg-Coll): here, we find smaller differences in recall (between +14% and
+30% depending on the topic) when moving from {3,4} collaborators to {5,6} compared
to moving from two to {3,4} collaborators (+51% to +55%). These findings show that the
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second part of H1 (... with diminishing gains) does not seem to hold when moving from a
pure simulation study to a user experiment (i.e., not all three search variants, topics, and
groups sizes). In line with our findings for S-UI-Coll we here also observe statistically sig-
nificant differences in recall between the largest group size and group sizes 1 and 2. We
also note that in contrast to Joho et al. [70] we do not observe a convergence of the recall
levels across group sizes towards the end of the search session—that is to say, while we
evaluated no more than six collaborators (as crowd-sourcing becomes more difficult with
increasingly high group sizes), based on our results we can expect even larger group sizes
to yield additional increases in recall. One explanation for this difference can be found
in the fact that we focused specifically on difficult topics, while in Joho et al. [70]’s sim-
ulation study easy topics are included which reach high recall levels even across a small
number of collaborators.

We now move on to hypothesis H2, which states: For topics with a higher number of
relevant documents, increased group size will significantly impact group recall. Topic 367 has
81 relevant documents, more than double that of topics 341 and 650 with 32 and 24 relevant
documents respectively (cf. also Table 3.3). When we consider the recall developments in
Figure 3.3 across the different topics, we seem to find that H2 may not hold: for topic
367 we do not observe a higher impact on group recall than for the other two topics. Our
results indicate that the choice of collaboration (interface-based only vs. algorithmic) is a
more important factor with respect to explaining the impact of group size on group recall
level changes.

3.5.3 Search Effectiveness Across Time

Hypothesis H3 is concerned with the development of recall over time, with simulation
studies indicating that a large group size is beneficial in particular early on in the search
process. We restate it here: Larger groups are more useful at the beginning of the search
session, with gains in recall over smaller group sizes decreasing as the search session progresses.
Once again we consider the recall developments in Figure 3.3. We find that in practice the
benefit remains relatively consistent, i.e., it is not restricted to the early minutes of the
search session. As time progresses, the smaller collaborating groups do not “catch up”
with the larger groups in terms of recall; this behaviour holds across all three topics and
search variants. Although we do not know what would happen after the ten minute mark
(as we fixed the end of a topic’s search session), we observe the recall curves for group
sizes of 1 and 2 to level off somewhat across most topics and search variant combinations,
in contrast to the larger group sizes.

3.5.4 Sharing of Knowledge

Let us now consider hypothesis H4 which states: Sharing of knowledge across a group
of users increases their group recall; the effect is similar across group sizes. Recall that S-
UI-Coll provides interface-level division of labour while S-UIAlg-Coll provides both
interface-level division of labour and algorithmic sharing of knowledge via shared RF. In
contrast to our expectations (simulations found sharing of knowledge to increase group
recall compared to post-hoc merging of result lists as done in S-Single) we find S-Single
to perform on par with S-UI-Coll and S-UIAlg-Coll in terms of retrieval effectiveness.
While providing sharing of knowledge (S-UI-Coll vs. S-UIAlg-Coll) does not yield sig-
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nificant changes in recall level for a given topic and group size, we find that for 8 out of 9
topic/group-size comparisons (ignoring groups of size one) S-UIAlg-Coll reports a higher
recall level than S-UI-Coll, providing some support for H4.

Lastly, we determine whether our participants actually engaged with their collabora-
tors through our interface affordances. To this end, in Table 3.7 we report the median
number of click interactions our groups of collaborators had with queries from the Recent
Queries and documents from the Saved Documents widgets. Here, we ignore interactions
of collaborators with their own posed queries and their own saved documents. We find
that with increasing collaboration group size more such interactions take place, though
overall their number remains small (e.g. for groups of size {5,6} the median number of
query widget interactions is 4 to 5, depending on the topic). This is in contrast to the
findings by Morris and Horvitz [102] who reported in the evaluation of their SearchTo-
gether system that more than 30% of SERP views could be traced back to query history
clicks. It should be noted though, that SearchTogether was a standalone Desktop client
with very elaborate collaboration widgets, while we strove to make the search experience
collaborative but still very much relatable to modern web search.

Table 3.7: Usage of collaborative search interface features by groups of collaborators. We measured only clicks
on recent queries and saved documents widgets by collaborators that did not issue (save) the original query
(document). For each topic, the median value is computed; reported here is the average of those three median
values.

Group #Clicked #Viewed

size queries saved docs.

2 0.00 0.00

S-UI-Coll 3-4 0.50 0.67
5-6 4.00 1.50

2 0.00 0.00

S-UIAlg-Coll 3-4 0.33 0.00
5-6 4.33 2.00

3.5.5 Effectiveness of Exploring the Search Subspaces

Next, we look at hypothesis H5, concerned with how groups explore the search subspaces
of a search topic. These subspaces can be seen as the subtopics for a search topic. For
instance, for a search topic airport security, subtopics can be airport security in Los An-
geles international airport. We restate H5 here: Larger groups will discover more areas
of the information landscape that they might have otherwise missed working on by them-
selves. As described in Section 3.4.3, we obtained the subtopics for two topics, 341 and
367, and we considered these subtopics the possible areas of information landsapce that
a group may explore during the search process for a topic. Thus, to measure the propor-
tion of subtopics retrieved during the task, we measured average group subtopic recall
(see Section 3.4.6), which is measured by the number of relevant subtopics found in saved
documents. Maxwell et al. [90] annotated the relevant documents and generated a list
of subtopics relevant for each document, where each document can be relevant for one
or more subtopics. Table 3.3 we show examples of subtopics for topics 341 and 367. To
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simplify our analysis, we consider that each subtopic has the same level of difficulty. In
Table 3.8, we show the average group subtopic recall for topics 341 and 367.

From this table, the first observation we make is with respect to the numbers of subtopics
discovered. Collaborating groups discovered more subtopics than individual users, and
larger groups (group sizes of 3,4 and 5,6) are significantly more effective in finding new
subtopics when they save documents that contained those subtopics. Additionally, sim-
ilarly to group recall, as we increase group sizes, there is a trend showing that group
subtopic recall increases. However, the sharing of knowledge provided in variant S-UIAlg-
Coll does not seem to help in topic 341. A possible explanation is that topic 341 has fewer
relevant documents than topic 367 (32 and 81 documents, respectively), and thus shared
relevance feedback made groups discover fewer subtopics. In contrast, for the case of topic
368, finding subtopics seemed to be more effective in terms of group subtopic recall when
the number of relevant documents is large. These results show that there is preliminary
evidence to support H5.

Table 3.8: Average subtopic group recall (averaged across all groups in a single topic/search-variant) across
conditions and group sizes for topics 341 and 367. Statistical significance was determined via Tukey’s HSD
test independently for each topic; in each topic column, significant improvements at p < 0.05 with Bonferroni
correction are marked with superscript *'. X is the search variant (‘T 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 show significantly different results at p < 0.01).

Topic Group size  Average subtopic group recall per topic

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

341 1 0.167 0.148 0.086

2 0.239 0.214 0.193

3-4 0.291 0.292 0.260 A’

5-6 0.315 0.375 11,12, A1, A2 9gq 11,12, Al
367 1 0.338 0.309 0.343

2 0.450 0.433 0.497

3-4 0.554 0.459 0.620 A’

5-6 0.620 0.614 11: A1 0.719 11> AT

3.5.6 Benefits of Adding New Members

Our last hypothesis H6 is about the benefits of adding new members to a group, which
states: The benefits of adding extra members are inversely proportional to the group recall,
and it is smaller at the early stages of the search session. This hypothesis comes from the re-
sults found by Joho et al. [70]. To show evidence for this hypothesis, we show in Table 3.9,
the improvements of group recall by increasing group size. Based on the results reported
in Table 3.9, we cannot support the first part of H6: The benefits of adding extra members
are inversely proportional to the group recall. Hence improvements in group recall are not
inversely proportional to group size for all topics in the system variants S-UI-Coll and
S-UIAlg-Coll. However, for the simulated groups, improvements in recall seemed to be
inversely proportional to group sizes, which is on par with Joho et al. [70]’s simulation
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Figure 3.4: Overview of the improvements in average group recall for search variant averaged over topics and
measured in one-minute time intervals.

Table 3.9: Topic-wise benefit of new members across of group size in terms of group recall (averaged across all
groups in a single topic/search-variant) across conditions and group sizes. Note that 3-4/2 means group recall of
groups of size 3,4 divided by group recall of groups of size 2.

Improvements (%)
Topic Group Size Ratio S-Single S-UI-Coll S-UIAlg-Coll

2/1 139.39 95.65 143.95

650 3-4/2 130.69 175.00 154.76
5-6/3-4 115.70 142.86 129.23

2/1 156.78 143.54 185.10

367 3-4/2 146.85 126.97 151.16
5-6/3-4 121.95 156.77 115.49

2/1 169.02 119.17 440.00

341 3-4/2 155.22 154.27 155.84
5-6/3-4 124.61 191.52 113.30

work. In Figure 3.4, we plot the improvements in recall along with search session the av-
erage session across all topics. Here, we find that simulated groups do not to support the
rest of H6 and it is smaller at the early stages of the search session. Once again, it is not the
case for our real groups in system variants S-UI-Coll and S-UIAlg-Coll.

3.5.7 Worker Perceptions

Finally, we analyse the participants’ responses to the seven questions in the post-questionnaire
(the questions are listed in Section 3.4.4). For our analysis, we only consider responses
from participants in stable groups, i.e. groups that maintained their original size across
all three search topics (as one of the questions is concerned with the perceived group size).
We thus report responses from 12, 31, and 43 participants in search variants S-Single,
S-UI-Coll and S-UIAlg-Coll, respectively. For the post-questionnaire questions 2-7, we
observed similar results in terms of median figures, and could not find statistical difference
across group sizes and search variants. The most interesting finding pertains to question
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1, the perceived vs. actual group size® as reported in Table 3.10: while for small group
sizes (single-user search or pairs of collaborators) almost always the majority of partic-
ipants is able to pick the correct group sizes, with increasing group size the perception
varies widely, with the vast majority of participants underestimating the size of the group
at actual group size {5-6}. Depending on the search variant, we also see a considerable
number of participants in the single-user search condition to report themselves having
been in a collaboration—we attribute this to the priming questions on CSE, the partici-
pants had received at the start of the experiment as well as the virtual waiting room time
the participants experienced.

Table 3.10: Group size vs perceived group size in % across search variants and group sizes. Results listed here
are based on the post-questionnaire (question 1, Chapter 3.4.4). Shown in underline 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
1 9 0 0 10 0 0 0
2 6 81 13 0 0 0 0
S-UL-Coll 3-4 4 23 31 15 19 4 4
5-6 3 11 20 43 9 6 8
1 69 19 0 0 6 6 0
2 0 44 19 25 6 0 6
S-UIAlg-Coll 54 6 2 35 12 15 6 0
5-6 4 19 10 45 12 1 0

Questions two to six in our post-questionnaire focus on the participants’ search expe-
rience, specifically (Q2) color coding, (Q3) easy to understand document retrieval, (Q4) no
inconsistencies, (Q5) easy to determine relevance, (Q6) task difficulty. The feedback for
questions Q2 to Q5 is similar across the search variants and group sizes, ranging from 3-4
on the 5-point Likert scale, and thus we can conclude that the general search experience
was positive. For Q6, we also find similar task difficulty values across the three search
variants ranging from average values of 2.75 (S-Single) to 2.79 (S-UIAlg-Coll) and 2.84
(S-UI-Coll).

With respect to the usefulness of the different interface features (Q7), for all the search
variants, participants agreed the saved documents to be the most useful feature, followed
by the recent queries and then the hiding of already saved/excluded search results.

3.6 Limitations

In this section, we analyse the limitations of this chapter as our experimental setup had
limitations related to: (i) the remote CSE setting; (ii) paid participants to conduct not fully

*Note that while the question in the questionnaire asked the participant for the number of collaborators not
including him/herself, we here report the perceived group size number to simplify the comparison.
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realistic tasks; (iii) user study instructions; and (iv) the number of task and the nature of
the tasks we gave our participants. First, we acknowledge that results for larger group
sizes may not generalise to the co-located setting across all CSE dimensions. In particular,
we limited the communication dimension by disabling the chat tool, which—in the co-
located setting—is hard to control. Also, for the S-Single, we did not provide the same
interface (e.g., collapsing of saved and excluded documents), which is was provided in the
other two variants. We believe that this is a limitation to our work, and results could have
been impacted, such as the behaviour of the S-Single to stop their searches and doing
more pagination actions. Second, we acknowledge that participants are paid to take part
in a study and have not themselves encountered the tasks we gave them, but we claim
that it does not affect the importance of the presented results but leaves space for future
work. Third, our user study is designed following instructions based on previous work
in collaborative search and guidelines in HCI for information retrieval [72, 128, 144]. We
acknowledge that the instructions were given to our participants as a limitation to this
study, and future work should investigate the impact of such instructions, which is out of
the scope of this thesis. Lastly, we designed our tasks aimed at being as realistic as possible,
however, we acknowledge that they are still controlled and somewhat artificial tasks. Also,
we only selected three topics and hard topics for our study. These topics and datasets are
not representative of an up-to-date data collection that participants would find in their
daily searches on the Web. Besides that, our tasks are recall-oriented tasks, which many
participants may not have encountered before in a general collaborative search setting. We
acknowledge that, in combination, all these limitations could threaten the generalisability
of any findings, but we believe that this does not devalue the results found in this chapter.

3.7 Conclusions

The impact of group size on CSE effectiveness has not received a lot of attention in past
research. In particular, we are aware of only one work that focuses on this issue: Joho et al.
[70], who performed elaborate simulations to investigate the effect of group size changes
in recall-oriented search tasks. Simulations, though, are limited in their ability to model
the real world, and thus, in this chapter, we conducted a user study to investigate to what
extent the findings of this simulation study hold in a setup with actual users. In particular,
we aimed to answer the research question:

RQ1. What is the impact of group size on CSE in terms of retrieval effectiveness and
search behaviours?

To this end, we designed a crowd-sourcing based user experiment using our CSE frame-
work SearchX capable of synchronising crowd-workers across tasks and user groups to
explore the extent to which the simulation results hold in practice. In particular, of the six
hypotheses we investigated (all focusing on the impact of group size changes on search
effectiveness), we find partial support for only two of them (H1 and H4), demonstrating ul-
timately the limitations that a simulation setup suffers from. In addition, our preliminary
results show evidence to support H5.

Specifically, we do not observe diminishing returns with increasing group sizes; the
group recall steadily increases as more collaborators participate in the search. We also do
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not find large collaborating groups to be most beneficial at the start of a search session.
Instead, the increased recall obtained early in the search session in contrast to smaller
collaborating groups is retained throughout the search session. Also, we noted that our
results also confirm our intuition that sharing of knowledge approaches—which work well
in simulations as they assume perfect relevance judgement capabilities and no increased
cognitive load with increasing group size—need to be considered with care as group sizes
increase. Lastly, our results on search space exploration show preliminary evidence that
larger groups are more effective in discovering different areas of the search space that
single users would not discover by themselves.

We believe that the results we presented in this chapter are an important step towards
a greater research emphasis on changing and importantly increasing group sizes in CSE
settings. In particular, in our experiments, we considered a maximum of six collaborators
due to inherent limitations that the mix of synchronous CSE and crowd-working platforms
suffer from, however, at the same time, we did not find evidence that we already reached
the upper recall bound with our maximum group size. Our findings show that there is
room to investigate how effective are CSE systems to support groups of size beyond 2-3,
and it is pertinent to consider other group sizes for future research.

Based on our findings, several interesting avenues of future work can be explored:

+ We believe, based on our experiences in this chapter, we have reached close to
the maximum number of collaborators we can engage synchronously in a crowd-
sourcing setup. This is because to form groups larger than six people, one would
need to increase the waiting time to form a crowd-sourcing group and the willing-
ness of participants to wait. Consequently, this would increase costs and time for
such experiment. As a next step, future work should investigate the deployment
of a CSE system in a large-scale environment where larger groups than six work
together towards a shared goal.

« One future avenue is to investigate the modelling of the CSE process via the recently
introduced economic models of search [10] in order to gain a better theoretical un-
derstanding of the interface and algorithmic mediation approaches that are worth
exploring further. For instance, such theoretical models could help us identify which
collaborative feature would be most beneficial for collaborative groups before con-
ducting a user study experiment.
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Analyzing the Effects of Role
Assignment in CSE Tasks

In the previous chapter, we considered group sizes as one aspect of group configuration in
CSE. In this chapter, we explore another aspect of group configuration, assigned roles in CSE:
instead of groups determining how to split up the search task (and thus losing time commu-
nicating and coordinating), group members are assigned different roles by the CSE system.
This is hypothesised by previous works to make the search process more efficient and more
successful. Past user studies have provided contradicting evidence as to the utility of assigned
roles in CSE. This chapter aims to settle the question of the effectiveness of role-based CSE
by conducting a user study across four conditions. Apart from search effectiveness, we also
investigate the differences in search behaviour and communication patterns between those
conditions. We find that search effectiveness does not differ significantly between groups
with and without assigned roles, even though our search behaviour and communication pat-
tern analyses reveal a considerable divergence among those groups. We thus have to conclude
that role-based CSE—at least when employing the roles as established in the literature—is not
beneficial for CSE. Users are just as effective when self-organising as a group.
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4.1 Introduction

Past research efforts in CSE have focused on both the search backend [129, 135, 136] and
frontend [41, 102, 109] to improve the search experience of collaborating searchers. In-
tuitively, searchers who independently work towards solving a shared task perform du-
plicate work, which can be avoided by explicit collaboration when communication and
coordination of the search effort are available. Apart from user interface and retrieval al-
gorithms’ improvements, prior works have also considered the impact of different group
attributes, including the size of the group [96], the expertise of the group members [136],
the nature of the collaboration (synchronous vs. asynchronous, co-located vs. remote
[32, 109]) and the roles searchers take up in a group [111, 129, 144]. The latter is the focus
of this chapter: when searchers are collaborating, they can either communicate to decide
how to share the work (e.g., by focusing on different aspects of the information need) or
be assigned pre-defined roles. These roles specify each group member’s function (e.g., one
group member is responsible for finding documents, another one for reading and eval-
uating them). This in turn, in previous works is hypothesised to reduce the amount of
communication necessary, thus leaving searchers with more time to focus on the task at
hand[111, 129, 144]. Ultimately, this should result in better task outcomes.

Despite the intuitive appeal of role-based CSE (which in our case in this chapter and
that of prior work is always restricted to pairs of searchers), prior user studies have re-
vealed conflicting evidence. While [111] showed that groups with pre-assigned roles out-
perform artificial groups (i.e. groups created from the log traces of individual searchers), [144]
found that groups without pre-assigned roles tended to reach a higher search effectiveness
than groups with assigned roles. And lastly, [69] did not observe significant differences
in retrieval performance between groups without pre-assigned roles and artificial groups.
Table 4.1 shows that groups with pre-assigned roles have not definitively been shown to of-
fer improved precision and/or recall over groups without pre-assigned roles. In summary,
from Table 4.1, we find role-based CSE to be both better and worse than CSE without pre-

row 2 row 1 row 3

assigned roles: COLR > (COL '~ INDM) > COLR. We used the sign ~ to mean
approximately the same.

Table 4.1: Overview of previous works comparing different CSE settings in a user study setup. Prior major
findings in terms of retrieval effectiveness are listed in the last two columns. Four types of settings are considered:
a pair of collaborating users (COL); a pair of collaborating users with pre-assigned Roles (COLR); an individual
searcher (IND); and an artificial pair of users INDM), created by the Merging of two individual searchers’ log
traces.

COL COLR IND INDM Precision Recall

Pt o % T+ %
Joho et al. [69] v v ~ ~
Pickens et al. [111] v v COLR>INDM COLR>INDM
Tamine and Soulier [144] « v COL>COLR ~
This study v v v v

The major limitation of these prior works is the binary nature of the comparison: in
each case, only two conditions were compared. In this chapter, we aim to settle the ques-
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tion of the effectiveness of role-based CSE by conducting a user study across four con-
ditions: (i) individual searchers; (ii) artificial groups created by aggregating the search
logs of pairs of individual searchers; (iii) pairs of collaborating searchers without assigned
roles; and (iv) pairs of collaborating searchers with assigned roles. We do not only con-
sider search performance, but also explore the differences in search behaviour across the
four conditions as well as the impact of roles on searchers’ communication patterns. In
this chapter, we aim to answer the following main research question:

RQ2 What are the benefits of role-based CSE in recall-oriented tasks in terms of search
retrieval effectiveness, search behaviours, and communication patterns?

More specifically, we will answer RQ2 with the following three fine-grained research
questions:

RQ2.1 Doesretrieval effectiveness between collaborative groups with unassigned and pre-
assigned roles differ?

RQ2.2 Given the collaborative groups outlined in RQ2.1, how do search behaviours differ
between them, and compared to searchers working individually?

RQ2.3 To what extent does the assignment of roles affect communication between group
members?

Based on our crowd-sourced user study (120 participants) with a simulated work-task
setting [27, 44] and three search topics, our main findings in this chapter can be sum-
marised as follows:

« Precision and recall do not differ significantly between groups with and without
assigned roles. In addition, artificial groups (i.e. pairs of individual searchers) who
do not benefit from communication and coordination perform at the same level of
recall as collaborative groups.

« Groups with assigned roles exhibit search behaviours that indicate their compliance
with the given role distribution: group members tasked with the exploration of
the search space spend less time reading documents, and issue more queries. In
contrast, group members tasked with exploring the set of documents pre-selected
by other group member do indeed spend more time reading documents. Despite
the apparent differences in search behaviours, search performance overall does not
differ, as indicated above.

« In terms of communication patterns, we find groups with assigned roles communi-
cate less frequently than groups without assigned roles. However, the time saved
from fewer exchanges does not translate into an increased level of search perfor-
mance.
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4.2 Related Work

In Chapter 2 we have introduced related work on CSE systems, and SearchX, our CSE
system. In this section, we introduce related work focus on role-based aspects of CSE.
Roles are important within any team—unsurprisingly, there has been a rich line of
research examining this phenomenon within CSE. Shah et al. [129] proposed that a CSE
user’s role is either task-based or information content-based. In task-based roles, each user
within a group is responsible for a certain kind of task/activity. In contrast, information
content-based roles involve all users of a group having the same tasks, but are served
different search results based on the tasks they are assigned. Indeed, role-level algorithmic
mediation research dates back more than a decade [63, 111, 129, 135, 136, 138, 144].

Task Based Roles

On the other hand, concrete examples of task-based roles are the roles of prospector and
miner [111]. The prospector is primarily responsible for querying the system and identify-
ing a series of potentially useful documents, whereas the miner is responsible for ‘drilling
down’ into the documents, expending more effort in analyzing the said documents for
usefulness/relevance.

To investigate if mediated collaboration offers a more effective means of searching
than a post-hoc merging of independently produced results (from independent searchers
who are unaware of the other’s presence), Pickens et al. [111] conducted a user study with
system-driven mediation. Their working task was focused on multimedia retrieval with
a search engine specially adapted for retrieving video shots. As such, the collaborative
mediation was supported with two different Uls—one for the prospector (with algorith-
mic mediation), and one for the miner. While each participant had their own interface,
both had a common display to view the final list of selected shots. Comparing this collab-
orative approach against a merged approach, where two independent searchers’ results
were grouped together, the authors found that the collaborative search setup offered bet-
ter performance than post-hoc merging. The collaborative groups also found more unique,
relevant video shots earlier in the search sessions.

These findings suggest that CSE teams find more unique, relevant documents than
merged results from two independent searchers. Indeed, the advantage that CSE teams
exhibit appears to be larger over topics with a higher degree of difficulty—and that for
these topics, there is a more significant advantage to be had earlier in the search session.

Information Content-Based Roles
An example of information content-based roles are the gatherer and surveyor roles [129].
The gatherer’s search results are retrieved in a way that they can broadly explore the
information landscape (hinting towards the diversification of search results), while the
surveyor’s search results are tailored towards results that focus on a specific aspect of the
topic being considered. The authors described how their proposed technique is able to
provided a list of high-precision results required by the gatherer role and a list of diverse
search results, which is required by the surveyor. Their focus was to evaluate the method
rather than evaluate the proposed roles of gatherer and surveyor.

A further example of information content-based roles are the domain expert and do-
main novice as proposed by Soulier et al. [136]. Here, document rankings and allocation
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Table 4.2: Overview of key statistics of empirical evaluations of role-based collaborative search. From left to right,
Roles outlines the different searcher roles trialed. Study Type (ST) considers: [Sim. Ind.], a simulation study with
batch evaluation using single-search logs; [Sim. Col.], a simulation study with batch evaluation using collaborative
search logs; and [User study] represents user study in a lab or crowdsourced environment. Division of Labor
(DL) considers: user-driven, system-driven, or user-driven system mediation. Group sizes are summarized by the
number of groups, #G. The number of search tasks per group is denoted by #T. Work task type (WT) is also
provided, and finally, Collection refers to the data collection used. For contrast, the study reported in this
paper is also included in the last row of this table. Note that any information missing in the respective paper is
indicated with —.

Study Roles ST DL #G #T WT Collection
Pickens et al. [111] Prospector/Miner User study ~ System 4 24 Multimedia TRECVid07
Shah et al. [129] Gatherer/Surveyor Sim. Ind. System 5 10 - -

Soulier et al. [136] Domain expert/novice ~ Sim. Ind. System - 20 - TREC Vol. 4
Htun et al. [63] Non-uniform access Sim. Ind. System 55 13 - AQUAINT
Soulier et al. [135] Mined [111, 129] roles ~ Sim. Col. User-system 70 2 - Web
Tamine and Soulier [144]  [111, 129] roles User study  User 75 1 Recall oriented Web
Soulier et al. [138] Latent roles Sim. Col. User system 2 70 - Web

This study Prospector/Miner User study  User 48 3 Recall-oriented AQUAINT

are adapted based on user expertise. Works by Shah et al. [129] and Soulier et al. [136]
compare algorithmic mediation approaches that are optimized based on roles. Shah et al.
[129] found that role-based algorithmic mediation led to a higher degree of search effec-
tiveness than the naive merging of search results, again undertaken by independent pairs
of searchers. Similarly, Soulier et al. [136] found that role-based algorithmic mediation
was more effective than simply providing searchers with results using an ad-hoc ranking
function based on BM25.

Determining Roles

Researchers have also attempted to determine what role a user should be allocated based
on attributes such as their search history. Soulier et al. [135] proposed a user-driven sys-
tem mediation technique to identify pre-defined roles using collaborative search logs from
a previous study undertaken by Tamine and Soulier [144]. They later utilised the identi-
fied roles to personalise rankings. In this study, participants were pre-assigned roles (e.g.,
either a prospector or miner), or were not assigned roles at all. The authors report that
their technique to mine roles from collaborative search logs was more effective for groups
that were pre-assigned roles versus not assigned roles. They also showed in a simulation
study that optimising search results based on roles improves retrieval effectiveness over
non-role based algorithmic mediation.

Later, Soulier et al. [138] proposed an approach to mine roles by identifying pairs of la-
tent features. Features, for example, include the number of queries issues, and the number
of clicks that were made on a Search Engine Results Page (SERP). These features could be
combined together to provide a search behaviour ‘pattern’ to identify what role the partici-
pant was more suited to. The identification of the pattern could then be used to determine
how to optimize the results for each participant. The technique showed improvements
over the previous study undertook by Soulier et al. [135], which used the pre-assigned
prospector and miner roles.

In order to understand the different effects of assigning roles to users in a group, Tamine
and Soulier [144] conducted a user study comparing how assigning roles from the studies
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by Pickens et al. [111] and Shah et al. [129] and letting individuals work freely to their
own (i.e., without pre-assigned roles) brief impacted on collaborative search performance.
They found that when working without pre-assigned roles, participants worked less inde-
pendently, and were likely to broaden their responsibilities for reaching a goal. However,
roles did emerge and were shown to happen early in the search session. Conversely, those
who were assigned to roles sometimes found it difficult to ‘toe the line’ with their allocated

brief.

Summary

Given the complexity and range of different studies (under different experimental permu-
tations) in the CSE domain, we provide a summary table of the main studies in the area of
previous works [63, 111, 129, 135, 136, 138, 144].

Table 4.2 provides the summary over several key aspects in this area (such as what
roles were used, what the type of experiment was, etc.)—as well as providing an entry in
the table for the present study. In Table 4.2, we find the majority of previous works to have
been based on simulation studies. We can see as well that even though other roles have
been studied in the literature, the prospector/miner roles were focused of many studies,
including this chapter [111, 144].

Other roles might also be defined based on what people are responsible for in the
context of searching in the enterprise. For instance, someone in sales and someone in
R&D working on the same task would presumably have different roles searching together
as they have different roles in the company. For instance, roles in a company may be
identified given psychological traits or team roles (e.g., Belbin Team Roles [17]). The goal
of this research is to complement existing works that have examined role-based CSE in
which users are assigned a pre-determined role in the literature. Given the summaries of
prior works in tables 4.1 and 4.2, we aim to examine in this chapter how the assignment
of roles impact retrieval effectiveness and search behaviours (COLR) over a number of
different topics, versus when they are not present (COL)—and compare this to a baseline
where searchers work independently, and through a simulated group by merging two
independent searchers’ activities together (INDM).

4.3 Experimental Design

In this section, we turn our attention to detail in our experimental design. In order to ad-
dress our research questions, we ran a between-subjects crowd-sourced user study, where
participants were assigned to conditions that either tasked them to search individually or
work with another participant in a collaborative fashion. Participants were required to
work over three individual tasks.

4.3.1 SearchX Setup

For this experiment, we utilise SearchX framework described in Chapter 2. Specifically,
our participants were provided SearchX \&] with the following features (the basic Ul inter-
face can be seen in Figure 2.3). For single-user search participants, we provided SearchX
with a search box without search verticals €) along with collection-based query autocom-
pletion (see Figure 2.4b), a document viewer (see Figure 2.8) without document rating €)
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Imagine you are a reporter for a newspaper. Your editor has
just told you to write a story about [topic title] together with a
group of colleagues. However, before you can write the story,
you and your colleagues need to collect in 15 minutes a
number of documents that will support writing the story.

Displayed to both participants
Collectively, your job as a group is to work together to identify
as many documents (news articles) as possible that appear on
first sight to be useful (considering different aspects of [topic
title]), and filter them down to produce a final list of documents
that you are all satisfied with. How you work to achieve this
within the group is up to you to decide.

The final list will be shared with your editor. Note that there is a
chat tool that you can use to communicate with your
colleagues about the task and coordinate yourselves. Docu-
ments should be collected that comply with the following crite-
ria: [topic description].

(a) Task template for condition COL

Your group distributes the work by splitting the task into two
subtasks: (7) finding documents; and (2) examining them in

detail.
Displayed to prospectors only

Your job is to identify as many documents (news articles) as
possible that appear on first sight to be useful (considering
different aspects of [topic title]) for the task at hand. As you
save the documents, they will be shared with your colleagues.
Your colleagues will be examining the saved documents care-
fully, refining the list of documents as they find necessary.

Your job is to identify as many documents (news articles) as
possible that appear on first sight to be useful (considering
different aspects of [topic title]) for the task at hand. As you
save the documents, they will be shared with your colleagues.
Your colleagues will be examining the saved documents care-
fully, refining the list of documents as they find necessary.
Displayed to miners only

(b) Task template for condition COLR

Figure 4.1: Task information templates presented to participants, for both COL (a) and COLR (b). Text high-
lighted in green is replaced with details of the topic considered; text in red is shown to both participants (for
COL only). Text in blue outlines the role for a prospector, with text in orange outlining the role for a miner. The
final two are shown in condition COLR only.

Table 4.3: Overview of the four experimental conditions.

Collaborative Conditions

COL CSEers without role assignment

COLR  CSE users with explicit role assignment

Independent Conditions

IND Independent search with individual lists of saved documents and is-
sued queries

INDM  Merging sessions of independent searchers to produce a simulated col-
laborative group, with individual lists of saved documents and issued

queries merged together (taking the union, [, of the two lists)

and document annotation @, recent queries 9, and saved documents e For the syn-
chronous CSE we also included the interface elements recent queries @ and saved doc-
uments @ with anonymous icons for each group member (see Figure 2.6b in Chapter 2),
group chat @ with our own implementation (Figure 2.5b), and a users’ status bar @.

4.3.2 Experimental Conditions
In our motivation, we outlined a number of experimental conditions that have been trialled
in previous works (summarized in Table 4.1). For this study, we draw on all four previously
defined conditions, as in Table 4.3. The four conditions consider searching under both
collaborative and individual contexts, with the added caveat of preassigned roles for the
CSE groups.

We explored two collaborative experimental conditions; as shown in Table 4.3, these
are COL and COLR. While both collaborative in nature, COL did not enforce preassigned
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Topic order for W Topic 341 Airport Security 4
three tasks
varied to counter >’& Topic 367 Piracy
topic ordering

effects B Topic 650 Tax Evasion Indicted

Pre-Task Waiting Interface Search Search Search Post-Task
Questions [l Room Task 1 Q Task 2 Q Task 3 Questions
~2mins " Max 10min; ~47mins

Figure 4.2: The experiment workflow for participants of this study. For more detail on the five main steps (as
numbered on the diagram), refer to Section 4.3.5.

division of labour for each participant, treating both participants of a group symmetri-
cally. For COLR, participants were treated asymmetrically—roles were preassigned. This
allowed us to examine how assigning roles to participants of CSE groups impacts re-
trieval effectiveness and search behaviours. Both of these conditions were drawn from the
literature—COL corresponds to the w/o roles condition as used by [144], while COLR cor-
responds to the experimental condition PM also used by [144], along with the Collab. con-
dition as used by [129] (albeit without algorithmic mediation). For condition COLR, we
assigned participants to act as either the prospector or miner. These two roles have been
studied in many previous works [111, 129, 138, 144, 144]. We chose these two roles to en-
able us to compare our findings against two seminal studies in this area [111, 144]. Other
possibilities such as giving participants the freedom to choose one of the roles could have
been addressed. However, our research questions are focused on preassigned roles. Hence,
we leave these possibilities for future work.

Participants for each collaborative condition were provided with a predetermined task
outline, providing details on what exactly their role in the search tasks would entail. The
task templates we devised are illustrated in Figure 4.1. On the left (subfigure (a)), the
template for symmetric participants (under condition COL) is shown (in red). On the
right (subfigure (b)), the template is shown for both prospectors (in blue) and miners (in
orange). Only the relevant instructional text block would be shown for individual partici-
pants. Note that topic-specific information replaces the filler text highlighted in green.

In contrast to the collaborative conditions, we also considered experimental conditions
where participants were treated as independent searchers (i.e. searching alone, without
awareness of others, or any division of labour). This condition, IND, served as our baseline
to which we could compare the collaborative conditions in our analysis. Under this con-
dition, participants also used the SearchX interface, without collaborative features (such
as @ and @, as per Figure 2.3. Participants were instructed as per the task template for
COL (Figure 4.1 (a)), but without the inclusion of the red block.

As per Shah et al. [129], we also employed a fourth experimental condition, where pairs
of independent searchers (IND) were combined to form a simulated group, with the data
recorded for their respective search sessions merged together. This meant, for example,
that the list of saved documents for a simulated, merged group would be constructed from
the two saved document lists of independent searchers. This additional merged condition,
INDM, allowed us also to explore the extent of the simulation of CSE compared to actual
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collaborative workers (i.e., from COL and COLR).

4.3.3 Retrieval Backend and Topic Selection

In this experiment, we used TREC AQUAINT corpus. Here our retrieval backend used
language modelling, details are described in Chapter 2.3.4. We used the same topics se-
lected in Chapter 3. They were airport security, piracy; and tax evasion indicted—details
and statistics for each topic are provided in Table 3.3.

4.3.4 Crowdsourced Participants and Allocation

Although a majority of CSE research has been conducted in a lab-based setting in which
participants know each other, this study reports on a crowd-sourced experiment. As the
experiment is crowd-sourced, it is highly unlikely that participants know whom they work
with. Although this is a potential limitation of our study, we argue that we imposed suf-
ficient controls on potential recruits for this study to ensure a pool of high quality work-
ers. Besides, the CSE task that we designed in this chapter is a work-task. This type of
task does not require participants to know about each other differently from CSE tasks
such as decision-making tasks (e.g., travel planning and online shopping). In addition,
crowdsourced, collaborative tasks are becoming more commonplace in contemporary re-
search [66, 81, 117, 152] as well as in CSE studies [95, 96, 163].

Our experiment was undertaken on the Prolific platform, which has been shown to be a
more reliable crowd-sourcing platform for cognitively demanding tasks than FigureEight
and MTurk [110]. Over the course of seven days in April 2020, a total of 120 participants
were recruited from the platform. To ensure high quality workers and reduce noise in
our collected data, we required that participants had at least a 90% approval rating on the
platform, and had completed at least 50 experiments on Prolific. Their median age was 33
(min: 18, max: 69). Of the 120 participants, 69 participants self-identified as female, with
51 self-identified as male. Most participants (74) were from the UK, with the remaining
participants from English-speaking countries such as Australia, the United States, Ireland,
and Canada. Their academic backgrounds varied: 47 reported a high-school diploma or
lower as highest academic degree, 51 a bachelor’s degree, and the remaining 16 a graduate
degree or six had other types of degree. Participants were recompensed with £6.50 per
hour for the experiment, which was above the price suggested by the Prolific platform.
Finally, we ensured that participants could only participate in the experiment once.

We randomly allocated 24 participants to the IND condition. For collaborative condi-
tions COL and COLR, we allocated 48 participants to each condition, meaning 24 groups
for COL and 24 groups for COLR. Groups of two participants were formed as the experi-
ment was started. Three search tasks, each task a topic, were undertaken during the course
of the experiment; topic orderings were determined via a Latin-square experimental de-
sign to mitigate topic ordering effects [72]. [144] employed a different topic per condition.
This means that the interaction between topic and condition can have a confounding effect,
in which both topic and condition impact the results. Our experimental design addresses
this issue, allowing for a fair comparison between topics and conditions.
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Figure 4.3: Example illustration demonstrating how merged groups for condition INDM were created over six
sample participants, U; to Uy. Different colours denote a different ordering of topics—only those who completed
each topic in the same order were merged. The black box at the bottom shows the three merged groups.

Merging Independent Participants
Topic ordering is an important consideration when creating simulated, collaborative groups—
or merged groups (INDM). In order for us to merge independent participants together, we
consider participants that were given the same topic ordering. Only participants with the
same topic ordering assignments were merged together, leading to a total of 36 simulated
collaborative groups based on the 24 participants allocated to the IND condition. In Fig-
ure 4.3, we depict how we merged independent participants. As a concrete example, U1
and U4 have the same topic orderings. Therefore we created an artificial group merging
these two users. As discussed previously, merged results bring together behavioural and
interactions of two distinct users. We merge the saved documents, issued queries, search
behaviours (such as clicks and time spent reading documents) of two users together to
form a group.

4.3.5 Experimental Procedure

Once participants had accepted the task on the Prolific platform, they were redirected to
our server setup with the instance of SearchX running for their assigned condition. A
broad overview of the experimental procedure is shown in Figure 4.2. We outline each of
the main steps as follow.

@ The experiment begins with the completion of a short pre-task questionnaire.

@ After completion of the initial questionnaire, participants in the collaborative con-
dition were then moved to a waiting room, where they waited for other participants
to arrive. A ten-minute limit was imposed; we provided a countdown timer and a
game of Tetris for participants to play while they waited. The option of an audible
alert was also provided when a second participant joined.

@ Once the participants moved to the CSE phase, they first undertook a short inter-
active guide of the SearchX interface. The key features of the interface were high-
lighted to the participants, along with a short explanation of what the highlighted
components do.
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@ After the interface guide, work began on the three search tasks. Both participants
undertook the same topic at the same time; topic ordering was determined on a
per-group basis, not on an individual basis. After 15 minutes of searching, the ses-
sion would end, and participants were moved to the next search session. For a fair
comparison, we chose 15 minutes per topic, as previous work also chose this dura-
tion [69, 111]. The process would repeat a total of three times. This was all done in
sync to ensure that participants would begin searching at the same point in time.

@ Once all three search activities were completed, we then provided a final, post-task
questionnaire. The details of the questions we posed can be found below. Upon
completion of this questionnaire, the participants were returned to the Prolific plat-
form.

For the independent condition (IND), the waiting room was obviously skipped—no
waiting was required for another participant to begin. This meant that after step @, the
participant moved straight to step €. We also considered the scenario where a participant,
allocated to one of the collaborative conditions (i.e. COL or COLR), found themselves
waiting for 10 minutes in the waiting room. The waiting room contained a warning mes-
sage that stated if the 10 minute period elapsed without anyone else joining, they would
then be switched to the IND condition. From that point on, task templates were switched
to match the IND condition, and all collaborative features (e.g., the chat component) were
removed from the SearchX interface.

To provide context for the ad-hoc search topics, we employed the task templates as
shown in Figure 4.1—the exact template shown depended on the condition that partici-
pants were assigned to. These recall-orientated tasks can be found in scenarios such as
patent retrieval and e-discovery, and represent a typical task in CSE which spurs the re-
quired complex and exploratory search behaviours, as discussed by [101]. For the indepen-
dent condition, we did not include the information about a group of colleagues searching
together, and we did not include the description of the chat tool. To maintain consistency
among participants, we employed for all participants the same pre-task questionnaire and
post-task questionnaire.

4.3.6 Pre-Task Questionnaire

Our pre-task questionnaire, besides demographic questions, included six CSE questions
as presented by [101] to aid priming of the participants for the upcoming CSE tasks. We
included a short explanation of CSE and when and how it can happen, along with three
images of groups of people collaborating (co-located and remote collaboration). We began
by asking two questions about CSE episodes:

« Have you ever collaborated with other people to search the Web? [Yes, No]
« How often do you engage in collaborative Web search? [Number]
After these questions had been answered, we asked additional questions:

« Describe what you were looking for. For example, you may be a husband and wife
planning a trip for your family, a group of students working on a writing assignment
and sharing search results/findings, or a couple shopping for a new sofa. [Text]
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« How many others did you collaborate with (not including yourself)? [Number]

« Given the example scenario you provided above, describe how you and your part-
ner, friend or colleague performed the search activity. As examples of what we are
interested in, did one person perform all the exploratory searching, with another
examining the findings in detail? Or did each person involved look after individual
components of the search activity (e.g., when booking a holiday, did one person
focus on booking flights, with another looking at a hotel)? [Text]

« When performing the example scenario you provided, how did you communicate
with others you were performing the search activity with? [Text]

4.3.7 Post-Task Questionnaire

As previously mentioned, we provided a post-task questionnaire to capture each partic-
ipant’s experiences of working collaboratively with the provided system. We began by
asking two questions with simple responses to gauge their overall impressions of the ex-
periment.

« How many people did you just now collaborate with (not including yourself)? [Num-

ber]

« It was easy to determine if a document was relevant to a task. [Disagree, Agree]

After these questions had been answered, we asked eight additional questions. An-
swers were provided with a 5-point Likert scale, where the focus of the questions ranged
from how they thought the system worked, to how well they got on with their search
partner.

« It was easy to understand why documents were retrieved in response to my queries.
[Disagree, Agree]

« I didn’t notice any inconsistencies when I used the system. [Disagree, Agree]
« How difficult was this task? [Very easy, Very difficulty]

« It was easy to understand what was my job in the task. [Disagree, Agree]

« I could communicate well with my partners. [Disagree, Agree]

+ I could see what the others were searching for and were examining during the task.
[Disagree, Agree]

« It was easy to share what I found useful during my searches with my partners. [Dis-
agree, Agree]

« Did you find the collaborative features useful (multi-grid question with one row
for each feature: recent queries, saved documents, chat tool, and hiding saved and
excluded results)? [Disagree, Agree]
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4.3.8 Evaluation Measures

In order for us to be able to address our three research questions, we relied on a range
of evaluation measures that are commonly employed measures in CSE research [69, 129,
136, 145]. We consider three explicit categories of measures: retrieval effectiveness; search
behaviours; and conversational measures.

Retrieval Effectiveness Measures
To measure retrieval effectiveness, we employ group recall (GR) (already employed in
Chapter 3 in Equation 3.1) and group precision (GP) which is defined as the recall and
precision for the union of the sets of documents that each participant in a collaborative
group saved. Or, expressed formally,

|Up€g rel_saved(g,t,p)|

GR(g,t) = ,
(&) |reldocs(t)|

(4.1)
and

CPla.) |Up€grel_saved(g,t,p)|
8070 g saved(g. 1.p)]

where g represents a group, ¢ represents a topic, and p represents a given participant.
Function rel_saved returns the saved documents that are TREC relevant, for a given g,
t and u. reldocs returns the TREC relevant documents for topic t, while saved returns
all of the saved documents for a given g, t and p. To calculate the average group recall
GR(c, t), and average group precision GP(c, t) for all groups in an experimental condition
¢ and topic ¢, group recall and precision is averaged across all groups in an experimental
condition.

We also measured individual precision and individual recall for each participant in a
group for the collaborative conditions, similarly to group recall and group precision, how-
ever, we consider the saved documents by participants individually. In our analysis, for
the independent condition, we measured precision and recall individually as we only have
one participant per group.

: (4.2)

Search Behaviour Measures

We also report on a number of aggregate search behaviours. We report aggregate search
behaviours by group and individual. Included in our reporting are a number of behaviours
associated with querying, including:

« the mean number of queries issued;
« the number of unique queries (i.e., exact same queries);
« the average query length (in the number of terms used);

« the number of unique query terms used (i.e. we split query terms for all issued
queries without applying stemming); and

« the number of clicks on previously issued queries (from interface component @ in
Figure 2.3 in Chapter 2).
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We considered interactions with the wider SERP, considering events involving clicks
on documents, for example.

« the number of clicks on results on SERPs;
« the number of unique clicks on results on SERPs;
« total number of clicks on documents that were TREC relevant;

« the number of unique snippets of documents viewed on SERPs (i.e. the number of
unique search results viewed on SERPs); and

« the number of unique snippets of documents viewed on SERPs that were TREC rel-
evant;

We also recorded the amount of time that was spent reading documents (document
dwell time), allowing us to calculate the total document dwell time, and the average docu-
ment dwell time.

Finally, we also logged events pertaining to the overall performance of the participants
(and therefore groups). This included a count of:

« the number of documents saved (i.e. considered relevant);
« the actual number of documents saved, that were TREC relevant; and

« the number of clicks on previously saved documents (from interface component &
in Figure 2.3 in Chapter 2).

We report aggregate search behaviours by group and individual for our experimen-
tal conditions. For the group search behaviours, we sum up individual search behaviour
measures (e.g., we sum up the number of queries by participants in a group).

Communication Pattern Measures

Our final set of evaluation measures considered the chat interface, or a series of measures
that could be used to evaluate the chat messages exchanged between participants in con-
ditions COL and COLR.

In order for us to be able to evaluate chat messages, a system of message codes was
required. We adapted a sequence of codes as proposed by [163]—these codes have been
acquired from previous collaborative studies [55, 102, 144] to evaluate the frequencies and
temporal distributions of different types of chat messages. After a first inspection of the
chat messages, we added two categories to this coding scheme specific to our task:

(CL) We noticed that many of our messages belonged neither to the TC or TD category
(see Table 4.4). These messages discussed curating the list of documents (i.e. which
documents to include or delete from the previously saved documents from interface
component ® in Figure 2.3). Therefore, we created a new category to describe this
type of message.
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Table 4.4: The coding scheme used for evaluating the exchanged messages between participants in experimental
conditions COL and COLR. The schema is derived from the work by [163].

Code Description Examples

I will focus on US. Can someone else focus on UK?”

TC Planning search strategies and division of labor "How would you like to divide this task?”

“The Pavarotti one I think is in Berlin”

TD Discussing facts related to the general task topic T am struggling to find any more for the US”

2 93

CL Discussing what documents to keep in the list “Should we whittle it down ” “Delete it”

“the articles seem to focus on a smaller

number of incidents overall ”

“I've looked for a few and am now looking at china as
that seems to have had a fair amount of piracy”

SK Sharing knowledge discovered during the search

BR Building relationships during the task "Hello there...” “good luck”

AP Appreciation of each others work "you did great!” "Good job. ”

“the search engine takes a while to load”
"I thought it had crashed ”

OR Others i.e. response or discussion not related to the topic  “excuse the typos” "Think i’'m done here”

ST Technical issues of system being used

(ST) We observed that many chat messages in the (OR) category talked about system
technical issues such as time to load search results. We created a new category only
for this type of chat message.

The author of this thesis and two other contributors assessed the chat messages from
this study. In total, 679 chat messages were assessed using the coding scheme and guide-
lines in Table 4.4. We randomly divided the chat messages into three equal shares. Each
assessor was given a share, and 115 messages from the others share were added to com-
pute an agreement score. In total, 163 chat messages (i.e. one-quarter of the messages)
were overlapped among the three assessors, and the Fleiss” kappa inter-agreement score
was 0.62, which indicates substantial agreement according to interpretations of the score
in the literature. For the overlapped messages, we kept the majority voted category, and
if a majority was not found, we assigned the others (OR) category. Similar to [55, 144], we
computed these raw values and reported the proportions.

In addition, we computed communication patterns measures, namely:

« Volume, the number of messages exchanged by group members during the task;

« Frequency, the average time between messages exchanged between group mem-
bers during the task;

« Effort, the number of times a group opened and closed the chat window; and

- Balance, the proportion of messages sent by an individual, collaborative group
members.

Given the codes and the explanation on how these were applied to the recorded chat
messages, a table with the codes, complete with example messages, is presented in Ta-
ble 4.4.
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Table 4.5: Topic-wise average group recall and group precision (averaged across all groups in a single topic/study-
condition) across conditions averaged over groups. Statistical significance was computed independently for each
topic; in each topic column, significant improvements (p < 0.05) are marked with superscript *, and significant
differences at p < 0.01 are marked with superscript underlined X, where X is the condition. IND figures are
computed as individual precision and individual recall as we only have one participant per group.

‘ Group Precision ‘ Group Recall
Condition | 341 367 650 | 341 367 650
IND 0.2748 0.7025 0.4569 | 0.0833 0.1085 0.1093
INDM 0.2417 0.7044 0.3326 | 0.1293 N2 1735 IND ¢ 1550 IND.COL.COLR
COL 0.2923 0.7071  0.4319 | 0.1315 ™ 0.1820 I  0.1076
COLR 0.3452 ™M 06365 0.4141 | 0.1380 12 0.1728 I 0.1163

4.4 Results

We now turn to our results, addressing each of our research questions in turn. For our
analyses, we conducted for each topic a one-factor analysis of variance (ANOVA) with the
experimental condition as our independent variable. We examined the ANOVA assump-
tions with Levene’s test (homogeneity of variances) and Shapiro-Wilk’s test (normality
of the ANOVA residuals). We conducted a post-hoc analysis using Student t-tests and ap-
plied Bonferroni correction for multiple comparisons. Significant differences at p < 0.05
are marked with superscript, and significant differences at p < 0.01 are marked with su-
perscript underlined X. Along this section, we report p-values wherever a significant
difference was found.

4.4.1 Retrieval Effectiveness
RQ2.1 considered how retrieval effectiveness between collaborative groups with unassigned
(COL) and preassigned (COLR) roles differ. Table 4.5 summarises the retrieval effective-
ness for group precision and group recall. We observe that group precision and recall
do not differ significantly between groups with and without assigned roles. In terms of
group precision, COLR groups significantly improve over INDM groups for topic 341. In
terms of group recall, all the collaborative study conditions improve over IND, with the
exception of topic 650. A possible explanation for the performance difference of topic 650
is that this topic leads participants to divide the task between the two subtopics (i) tax
evasion in the U.S. or (ii) UK. However, the TREC AQUAINT dataset has more relevant
documents from the U.S. Therefore, the participants in the collaborative conditions COL
and COLR may not perform as well as participants in the IND condition as they decided
to look mostly at documents from the U.K. Consequently, the artificial groups formed by
merging individual participants outperformed COL and COLR conditions for topic 650.
Let us now focus on individual precision and recall for the four roles we had in our
study: individual (participants in condition IND), peer (participants in condition COL, i.e.
without preassigned roles), prospector, and miner (both in COLR). From Figure 4.4, we see
a contrast of the prospector and miner roles, where the prospector, on average, achieved
a higher recall than the miner—but a lower precision. This is statistically significant for
topic 367 (p = 0.031) in terms of recall for the miner when compared against the other
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Figure 4.4: Overview of the mean precision and mean recall for each topic and condition across the four search
roles trialled. Left (a): average recall. Right (b): average precision, where Pros. denotes prospector.

roles. Again, for topic 650, the single user role significantly outperforms collaborative
roles (p = 0.001) in terms of overall recall. Although we chose similarly difficult topics,
we also observe individual differences in performance for the three of them. This can be
explained by the fact that participants may have found it easy to formulate queries for
a certain topic, as we saw in some of the communication with other participants in the
group.

To understand how precision and recall changed during search sessions, we performed
a temporal analysis on group precision and recall along with the 15 minutes duration ,
over each of the three topics and four experimental conditions. Figures 4.5d-f show group
recall over time. We can conclude from examining these plots that for some of the topics
the collaborative groups performed better than independent searchers (IND) in terms of
recall—again, except for topic 650. In terms of group precision, as shown in Figures 4.5a-
¢, we can observe that group precision peaks within the first few minutes of the search
sessions (within the first three to five minutes). Interestingly, a drop off in precision is
noted for topic 650 as the session progresses. A possible explanation is that participants
could not find relevant documents for topic 650 (tax evasion indicted) as the collection
contained fewer documents for one of the subtopics (tax evasion in the UK.). This is in
contrast to topics 341 and 367, where precision remains consistent (around 0.3 and 0.65 for
topics 341 and 367, respectively). These results suggest that topics provide very different
conclusions, which was also observed by Pickens et al. [111].

In summary, our analysis shows, overall, precision and recall do not differ significantly
between groups with and without assigned roles. In contrast to prior works, we could not
confirm the findings by Pickens et al. [111] (demonstrating improvements of COLR over
INDM), and Tamine and Soulier [144] (demonstrating a greater precision for condition
COL over COLR).

4.4.2 Collaborative Search Behaviour

Our second research question, RQ2.2, asked how the search behaviours of collaborative
searchers differed from those working independently. Table 4.6 summarises search behaviours
across both collaborative and independent conditions; here, we report the mean and stan-
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Figure 4.5: Overview of the average group precision (top row, a-c) and average group recall (bottom row, d-f)
for each topic and search variant computed in one-minute time intervals.

dard deviation.

From Table 4.6, a number of observations can be made about the collaborative search
behaviours. In terms of querying behaviour, comparing groups with assigned roles and
groups without roles, we found that groups under the COL condition issue on average
more queries (from 16.58 queries for COL to 14.50 queries for COLR), issue more unique
queries (from 15.62 queries for COL to 12.72 queries for COLR, p = 0.044), and explore a
larger set of query terms (from 24.11 terms for COL to 19.58 terms for COLR, p = 0.032).
In terms of the click and saving documents behaviour, we observe that COLR groups
have a similar click behaviour as COL groups (from 13.14 clicks for COL to 13.03 clicks
for COLR) but spend more time reading documents (from 250 seconds for COL to 301
seconds for COLR). For the collaborative features’ usage (interface components @ and
@ in Figure 2.3), we find COLR groups to interact more with the recent queries (i.e. the
query history) component (from 0.81 clicks for COLR to 0.26 clicks for COL, p < 0.001),
and more with the saved documents component (from 6.58 clicks for COLR to 2.44 clicks
for COL, p < 0.001). The observations we made here are expected as the guidelines we gave
to COLR asked for the prospector to issue most of the queries during the search task, and
the miner to read documents. Consequently, the interaction with collaborative features
was higher for groups under the COLR condition than groups under the COLR condition.
Finally, for the artificial groups INDM, we observe that, as expected, participants issued
more queries and clicked on more results on the SERP than the COLR and COL groups.
However, they spent less time reading and save fewer documents than both COLR and
COL.

From these observations, similar to the findings by Tamine and Soulier [144], we can
conclude that groups with assigned roles behave differently than groups without assigned
roles, however, these differences in behaviour did not translate into improved retrieval ef-
fectiveness. In other words, assigning pre-defined roles did not overcome the overhead of
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interacting with collaborative features such as previously issued queries and saved docu-
ments.

We now zoom in on the second part of RQ2.2: how do search behaviours differ be-
tween individual group members? From Table 4.6, a few of observations can be made about
the individual search behaviours that follow our observations from the collaborative be-
haviour. As we can see on the right side of Table 4.6, the prospectors tend to dominate the
query interactions during the search task in comparison with miners (prospectors issued
7.76 queries and miners 6.74 queries). Also for the querying behaviour, peers participants
in COL condition participants issued more queries than prospectors and miners (on aver-
age 8.29 queries for peers) as well individual participants tend to issue more queries than
prospectors and miners (on average 9.67 queries). Regarding interactions with documents,
for the number of saved documents, we see that prospectors saved more documents than
miners (from 10.83 saved documents for prospectors to 5.82 saved documents for miners,
p < 0.001), for time spent reading documents, miners tend to spend more time reading doc-
uments than peers participants under COL condition (from 190 seconds for miners and 125
seconds for peers, p = 0.021). Finally, we observed that in the usage of the collaborative
features, miners interacted more with the recent queries and saved documents components
(from interface components @ and @ in Figure 2.3). From these observations, we can
conclude that participants in the pre-defined assigned roles condition show compliance to
what they were tasked to do. As outlined before, miners were tasked to spend more time
curating the list of documents provided by the prospectors, and prospectors were tasked to
find as many relevant documents as possible.

We now explore how artificial groups INDM and collaborative groups differ in terms
of redundancy of querying behaviour and search space exploration. Joho et al. [69] showed
that artificial groups had more redundancy of documents saved by individual participants
than collaborative groups, and participants in artificial groups showed to have a less di-
verse search vocabulary. In Figure 4.6, we compute the overlap (more specifically the Jac-
card Index) of the: (a) set of queries; (b) query terms; (c) clicked documents; and (d) clicked
documents that are relevant according to the ROBUST05 relevance judgements. Here we ex-
plore clicked documents instead of saved documents as in SearchX’s collaborative settings,
a document can only be saved by one of the collaborators. In contrast to Joho et al. [69],
artificial groups produced a lower overlap in terms of unique queries and consequently
query terms. A possible explanation for that is that collaborative group members were in-
fluenced by each other’s querying behaviour, which artificial groups were not. They tend
to issue queries with similar query terms or even exact queries as seen on the recent queries
widget. Regarding the search space exploration, we observe from Figure 4.6c-d that artifi-
cial groups have a higher overlap of clicks on the SERP than collaborative groups. We can
conclude that awareness and sharing of knowledge about the exploration of the search
space allow collaborative groups to be less redundant than artificial merged independent
users when exploring the search space.

4.4.3 Communication Patterns

With RQ2.3 we aim to explore to what extent the assignment of roles affects commu-
nication between group members. Table 4.7 provides an overview of the measures of
communication patterns (as we defined them in Section 4.3.8) in our two collaborative
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Figure 4.6: Overview of the Jaccard Index for the set of queries, query terms, clicks on documents, and clicks on
documents that are relevant according to ROBUST®5 relevance judgements between participants. Be aware of the
different y-axis scaling.

conditions COL and COLR. From Table 4.7, in terms of number of messages exchanged
among participants, in contrast to Tamine and Soulier [144], we found that participants in
COL condition significantly send more messages than participants in in COLR condition.
Also, participants without pre-defined assigned roles opened more the chat to communi-
cate than participants with pre-defined roles, which are measured as Effort in Table 4.7.
This was expected, as participants in COL were explicitly advised to use the chat tool to
allocate their tasks. Consequently, groups in COLR make more use of the other collabo-
rative widgets, as shown in Section 4.4.2.

To understand how the communication between group members was distributed, we
show in Figure 4.7 the total number of messages over time. Most importantly we find that:
(i) COL groups communicate much more than COLR groups; (ii) COL groups commu-
nicate throughout the entire three search topics in a consistently high volume; and (iii)
COLR groups communicate mostly at the beginning of the first search topic. This can
be explained by those participants in COLR only need to communicate for building an
acknowledgement of each other in the beginning of the task.

We now explore the nature of the chat messages exchanged by group members. In
Figure 4.8 we show the number of messages per group in the form of a boxplot, divided
based on their coding (our coding scheme can be found in Table 4.4). We observe: that
COL groups communicated much more about: (i) curating the list (code CL) of saved doc-
uments; and (ii) planning search strategies (code TC) than COLR groups. This is similar
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Table 4.7: Overview of measures of communication patterns across the collaborative conditions. For each topic,
the mean value is computed alongside standard deviation value. Statistical significant differences (p < 0.01) was
found across the three topics for Volume, Effort, and Balance.

Topic Cond. Volume Frequency Effort Balance
547 COLR 500 (389) 2069 (2745 1350 (7.01) 072 (0.19)
COL 1029 (11.70) 4558 (39.02) 1536 (10.20) 0.58 (0.09)
367 COLR 400 (400) 6415 (66.10) 977 (554) 076 (0.18)
COL 919 (855 4371 (31.78) 1625 ( 9.90) 0.59 (0.13)
50 COLR 550 (327) 7766 (5560) 1240 (846) 075 (0.19)
COL 14.18  (19.85) 61.25 (34.72) 17.59 (10.81) 0.62 (0.12)
A COLR 474 (369 5961 (56.63) 1158 (692 075 (0.18)
COL 1132 (1430) 50.61 (35.29) 1647 (10.14) 0.60 (0.11)
First Topic Second Topic Third Topic
coL I . . i
109
COLR s
: ; ‘ ‘ : ‘ ‘ ‘ 0®
0 5 10 15 20 25 30 35 40 45

Time (in Minutes)

Figure 4.7: Timeline of the total chat volume across all COL and COLR groups respectively. For each one-minute
interval, the number of messages in that interval is shown.

to the results found by Tamine and Soulier [144], as participants that are not assigned
pre-defined roles will exchange more messages about the task and coordinate with each
other.

a5 .
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Figure 4.8: The number of messages exchanged for each of the eight classification codes, for each group, of the
two collaborative conditions. A reminder of the coding references is provided to the right of the boxplot.

Overall, we thus find considerable differences in communication patterns between
COLR and COL groups which are in line with our expectations for peer, prospector and
miner communication patterns. However, despite this considerable difference in com-
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munication patterns, as we have seen, retrieval effectiveness is not exhibiting significant
differences.

4.4.4 Participants’ Previous Experiences and Perceived Effectiveness
Lastly, we analyse our participants’ responses to the questions in the pre- and post-task
questionnaires (the questions are listed in Sections 4.3.6 and 4.3.7).

In the pre-task questionnaire, we questioned our participants regarding their previous
experience with collaborative search: 95 of our participants reported to have collaborated
with other people to search the web before. From these participants, only three reported
searching the web together with others daily, 17 weekly, 14 monthly, and 61 reported
engaging in collaborative search episodes less frequently. The majority of the participants
(66%) engaged in collaborative search in pairs, while the remaining engaged in groups of
size three up to six members. We also asked participants about their last collaborative
search experience. 36.8% of our participants reported to have collaboratively searched
the web for travel planning (e.g., looking for hotels, cheap flight tickets, holiday cottages),
30.5% online shopping (e.g., comparing electronic products, looking for a house to rent or
buy), 21% learning activities (e.g., literature researches, health searches), and the remaining
participants collaborative work-related needs.

We now turn to the perceived effectiveness of our participants in the experiment. In
the post-questionnaire, we collected participants’ perceived search effectiveness, and col-
laborative search effectiveness. We also gathered feedback on the utility of each of the
collaborative search feature described in Chapter 2. We summarise the participants’ re-
sponses per experimental condition in Table 4.8.

Table 4.8: Summary of participants’ responses to post-task questionnaire for questions using a Likert scale. For
each experimental condition, the mean value is computed (with standard deviations).

IND COL COLR

Overall system and task experience

relevance of search results 3.56 (1.04) 3.65(0.64) 3.69 (0.59)

system responsiveness 3.44 (1.45) 3.94(0.78) 3.87 (0.88)

system technical issues 3.6 (1.32) 3.72(1.02) 3.64(1.07)

task difficulty 2.88(0.73)  2.75(0.71)  2.79 (0.8)
Collaborative search experience

role assignment - 413 (0.6)  4.42(0.62)

communication with other members - 3.75 (1.16)  3.46 (0.87)

awareness of each other’s work - 4.69 (0.44) 4.55(0.53)

easiness of sharing knowledge - 4.24 (0.74) 4.18 (0.83)
Collaborative search features feedback

recent queries 3.0(1.19)  4.31(0.44) 4.22(0.54)

saved documents 3.44 (1.19) 4.62(0.45) 4.38(0.58)

chat tool - 3.85(1.11)  3.09 (1.12)

hiding saved and excluded results 2.8(1.19)  3.59(0.75) 3.28(0.9)

The first question in our post-task questionnaire is the perceived number of collab-
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orators searching together, and it serves as a sanity check for our experiment. As we
expected, the median response for this question was one collaborator for the collaborative
conditions COLR and COL (min. 0 and max 2), and for the independent condition IND,
the median response was zero collaborators (min. 0 and max 1). The next four questions in
our post-questionnaire focus on the participants’ overall system and task experience. The
feedback for these questions is similar across the experimental conditions. Regarding the
overall system experience, feedback ranged from 3-4 on the 5-point Likert scale, and thus
we can conclude that the overall search experience was positive. Similar to Tamine and
Soulier [144], for the task difficulty question, we also find similar figures across the collabo-
rative experimental conditions and a slight increase in difficulty for the IND experimental
condition. Concerning the perceived experience of the collaboration experience questions,
we can also observe similar values for the collaborative experimental conditions. This is
in contrast with Tamine and Soulier [144] in which they found that following the roles
instructions was the most difficult for groups with pre-defined assigned roles; however,
we did not ask participants an open-question regarding their difficulty following the task
instructions. Finally, concerning the collaborative search features feedback, participants
agreed that the saved documents were the most useful feature for all the collaborative
conditions, followed by the recent queries. The chat tool was considered the least useful
feature by the COLR participants in contrast with those in COL. This observation can be
explained by the results shown in Table 4.7: participants in the COLR condition commu-
nicate less and make less use of the chat tool.

4.5 Reflections
4.5.1 Search Effectiveness

In this chapter, we employed precision and recall as our target measures of search effective-
ness. As our analyses have shown, we did not observe a significant difference between
groups with and without pre-defined assigned roles in terms of those measures. This
means that our results have different takeaways from prior works, and we could not con-
firm the same findings by Pickens et al. [111] and Tamine and Soulier [144]. In particular,
we could not find improvements of COLR over INDM (see row 2, Table 4.1) as found
by Pickens et al. [111] (see row 2, Table 4.1). Moreover, we could not find improvements
in terms of precision of COL over COLR (see row 2, Table 4.1) as found by Tamine and
Soulier [144]. The following are differences in our study that could explain the different
results in terms of search effectiveness found in this chapter:

« We conducted our work in a crowd-sourcing environment, where participants in
a group did not have to know each other before the experiment. We did not re-
quire participants to know each other as it is a work-task designed to be conducted
independently of previous inter-personal experience among participants.

« In contrast to Tamine and Soulier [144], we assigned the same three search topics
to participants in all the conditions. In Tamine and Soulier [144], each condition
had a different search topic.

« In contrast to Tamine and Soulier [144] but similar to Pickens et al. [111], we did
not let participants with pre-defined assigned roles choose their role preference.
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4.5.2 Search Behaviour and Communication Patterns

We explored the search behaviour of collaborative search users with and without assigned
roles. In Table 4.6, we analysed a variety of individual and collaborative search behaviour.
Despite differences in behaviour between groups with assigned roles and groups with-
out pre-defined roles, we did not see a change in retrieval effectiveness. In Figure 4.6,
our results also suggest that awareness and sharing of knowledge features (e.g., recent
queries, and saved documents) allow collaborative groups to be less redundant than artifi-
cial merged independent users when exploring the search space.

In terms of communication patterns, we found considerable differences in communi-
cation patterns between COLR and COL groups, which are in line with our expectations
for peer, prospector, and miner communication patterns. However, despite these con-
siderable differences in communication patterns, retrieval effectiveness did not exhibit
significant differences.

4.5.3 Implications for Design

Considering our findings, we find that there is room for designing user studies that inves-
tigate the composition and interaction of these two roles for groups above size two as was
conducted in the previous chapter. For instance, it remains an open question how adding
a prospector or miner to a group would affect search effectiveness—one can hypothesise
that adding a prospector may improve recall while adding a miner may improve precision.

According to our search behaviour and communication pattern analysis, there is an
opportunity for designing systems that are able to predict the task intent during the search
session. For instance, we observe that the number of curating messages tends to be more
frequently towards the end of the search session. Hence, one line of work is to design
collaborative features that could support the automatic splitting of the saved documents
list. Therefore, such a feature could better drive the collaborative search task and make it
more structured.

Although pre-defined assigned roles may constrain the participants considerably, they
are required for some collaborative search tasks, especially work-tasks. From our findings,
we observed that assigning user roles reduced communication, but it did not translate into
improvements in search effectiveness.

In our study design, we included in our task description the roles of the collaborators
(e.g., for the prospector we shortly described the goals of their miner collaborator). One
future step in this line of work is to design interfaces that could bring collaborators’ aware-
ness of each others’ roles, for instance, automatically supporting users’ roles given their
explicit preference to one of the roles during the search session.

4.6 Limitations

In this section, we analyse the limitations of this chapter as our experimental setup had
limitations related to: (i) the effect of the random pre-defined role assignment; (ii) the
number of participants in each experimental condition; (iii) user study instructions; and
(iv) crowd-sourcing experiments in times of a global crisis. First, the random pre-defined
role assignment could have affected the groups with pre-defined roles. We acknowledge
that a participant could have a preference for one of the assigned roles, which could have
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affected the overall search performance of a collaborative group. Our results could have
been affected by the choice of these roles we chose in this work. Also, a participant could
be skilled in one of the assigned roles. Second, the number of participants (120) was de-
termined mainly by considering the total cost of the study (£1350.00). We acknowledge
that the number of participants could be limited, but we believe that it does not affect the
importance of the presented results, but leaves space for future work. Third, we designed
our user study instructions based on previous work in collaborative search and guidelines
in HCI for information retrieval [72, 128, 144]. We acknowledge that the instructions
were given to our participants as a limitation to this study. Given that the instructions de-
fined the roles that we selected for this work, we observed that the participants followed
our guidelines as we expected. Lastly, we recruited participants for this experiment in a
period of the Coronavirus pandemic (Europe lockdown in April 2020). We acknowledge
that the increased distractions at home and workplace (e.g., with homeschooling or family
care) could have affected the participants’ performance during the experiment since most
of our participants were located in countries with rigid lockdown measures (most of our
participants resided in the UK).

4.7 Conclusions

In this chapter, we have explored a group configuration of CSE, the use of pre-assigned
roles in collaborative search. Previous works have provided opposing evidence as to the
utility of assigned roles in collaborative search. The main weakness of these studies was
that each one was limited to a comparison of two experimental conditions. We set out to
settle the question of the utility of role-based collaborative search. In particular, we aimed
to answer the following research questions:

RQ2.1 Does retrieval effectiveness between collaborative groups with unassigned and pre-
assigned roles differ?

RQ2.2 Given the collaborative groups outlined in RQ2.1, how do search behaviours differ
between them, and compared to searchers working individually?

RQ2.3 To what extent does the assignment of roles affect communication between group
members?

We designed a crowd-sourcing based user study across four conditions: (i) individual
searchers; (ii) artificial groups formed by aggregating the search logs of pairs of individ-
ual searchers; (iii) pairs of collaborating searchers without assigned roles; and (iv) pairs
of collaborating searchers with assigned roles. Aside from search effectiveness, we inves-
tigated the differences in search behaviour and communication patterns between those
conditions.

We found that search effectiveness does not differ significantly between groups with
and without assigned roles, even though our search behaviour and communication pat-
tern analyses exhibit a substantial difference among those groups. Specifically, we found
that our retrieval effectiveness measures (precision and recall) do not differ significantly
between groups with and without assigned roles. Artificial groups (i.e., pairs of individual
searchers) who do not benefit from communication and coordination perform at the same
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level of recall as collaborative groups. We found that groups with assigned roles show
search behaviours that indicate their compliance with the given role assignment: group
members tasked with exploring the search space spent less time reading documents, and
issued more queries. Differently, group members tasked with exploring the set of docu-
ments pre-selected by another group member spent more time reading documents. De-
spite the apparent differences in search behaviours, search performance overall does not
differ significantly, as indicated above. Lastly, we found that groups with assigned roles
communicate less frequently than groups without assigned roles. Still, the time saved
from fewer exchanges does not turn into an improved search performance. We conclude
that role-based collaborative search—at least when employing the roles as established in
the literature—is not advantageous for collaborative search. Users are similarly successful
when self-organising the collaborating group.

Future directions to extend our work should include search tasks that take longer peri-
ods of time and potentially several search sessions to complete in collaboration—do the re-
sults hold when the search tasks become significantly more complex? In addition, another
line of work is to examine conversation agents that aids collaborators in the organisation
and alignment of their search strategies and their division of labour (research initiated
by [9]). Lastly, we have so far considered two roles (prospector and miner) that are well
established in the collaborative search literature [53]. A limited number of other types of
roles have been proposed in the past that have been shown to be effective in simulated
settings (e.g., domain expert and domain novice [136])—a future work here is to translate
those simulations into user studies to determine the practical utility of those role types.

In this chapter and Chapter 3, we have analysed CSE systems group configurations. In
the following chapters, we look at CSE with a different perspective, where CSE systems
are used in the contexts of search as learning and collaborative shopping.
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Contrasting Search as a Learning
Activity with Instructor-designed
Learning

In previous chapters, we focused on the group configurations such as group size in Chapter 3
and group member’s role in Chapter 4. In this chapter, we bring into focus the usefulness
of collaborative search surrounding human learning during the search process. In particular,
we are interested in answering whether a (single-user or or collaborative) search session is as
effective as a lecture video—our instructor-designed learning artefact—for learning. To answer
this question, we designed a user study that pits instructor-designed learning (a short high-
quality video lecture as commonly found in online learning platforms) against three instances
of search, specifically (i) single-user search, (ii) search as a support tool for instructor-designed
learning, and, (iii) collaborative search. The contributions of this chapter have been published
in [95].
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5.1 Introduction

Search as Learning is a research area within information retrieval that considers questions
surrounding human learning during the search process: how much or how little do users
learn while they search and in what ways can search technology be adapted and optimised
for human learning? In his seminal paper, Marchionini [88] remarked on the importance
and complexity of what he called learning searches (i.e. search activities for the purpose
of human learning), a subset of exploratory search: “Learning searches involve multiple it-
erations and return sets of objects that require cognitive processing and interpretation. These
objects [...] often require the information seeker to spend time scanning/viewing, comparing,
and making qualitative judgements.” At the Second Strategic Workshop on Information
Retrieval in 2012 [1] search as learning was recognised as an important future research
direction that will help “people achieve higher levels of learning through [...] more sophisti-
cated, integrative and diverse search environments”. This call for research has been taken up
in recent years by a number of researchers in several directions, including optimising re-
trieval algorithms for human learning [28, 34, 82, 107, 121, 141, 142], observing how users
currently make use of search engines for learning-oriented information needs [25, 45],
developing metrics to measure the amount of learning taking place during the search pro-
cess [162], and arguing for more reflective search behaviour (“slow search”) in contrast to
the current demands for an instant—and increasingly proactive—search experience [148].

Search and sensemaking is an intricate part of the learning process, and for many learn-
ers today synonymous with accessing and ingesting information through Web search en-
gines [22, 106, 146]. At the same time, Web search engines are not built to support users
in the type of complex searches often required in learning situations [54, 59, 88]. But what
effect does this lack of a learning-focused Web search engine design have on the ability of
users to learn compared to a setting where they are provided with high-quality learning
materials? In this chapter we set out to answer this question by measuring how effec-
tive searching to learn is compared to (i) learning from—in our experiment: high-quality
video—materials specifically designed for the purpose of learning, (ii) learning from video
materials in combination with search, and, (iii) searching together with a partner to learn
(i.e., CSE for learning).

The aim of our work is to quantify to what extent search as a learning activity is a
viable alternative to what we call instructor-designed learning, that is, learning materials
designed and created specifically for the purpose of learning. As not for every possible
topic specifically designed learning materials exist, it is important to understand what
effect that has on one’s ability to learn. In addition, we are also interested in understanding
whether the lack of learning materials can be compensated in the search setting by the
presence of a second learner that has the same learning intent (i.e. CSE for learning).

Our work is guided by the following research questions:

RQ3.1 How effective (with respect to learning outcome) is searching to learn compared
to instructor-designed learning?

RQ3.2 How effective (with respect to learning outcome) is instructor-designed learning
supported by search in comparison to just instructor-designed learning?

RQ3.3 How effective is pair-wise CSE compared to single-user search for learning?
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Specifically, in this work we conducted a user study with 151 participants and mea-
sured vocabulary learning, a particular instance of human learning (similar in spirit to [141,
142]), across five search and instructor-designed learning conditions. As high-quality
instructor-designed learning materials we make use of lecture videos sourced from TED-
Ed, Khan Academy and edX, popular online learning platforms. Our main findings can be
summarised as follows:

» We find participants in the instructor-designed learning condition (watching high-
quality lecture videos) to have 24% higher learning gains than participants in the
searching to learn condition;

« CSE as learning does not result in increased learning gains;

« The combination of instructor-designed learning and searching to learn leads to
significantly higher learning gains (an increase of up to 41%) than the instructor-
designed learning condition without a subsequent search phase.

5.2 Related Work

We now provide an overview of the areas related to our work: exploratory search, search
with an educational intent and collaborative search.

5.2.1 Exploratory Search

Exploratory search tasks are often complex, open-ended and multi-faceted [159]. They
tend to span several sessions and require next to finding, the analysis and evaluation of
the retrieved information. Marchionini’s overview of exploratory search challenges and
opportunities [88] marked the beginning of a long series of related workshops and evalua-
tion campaigns that continue to this day [18, 158-160]. Several works have characterised
users’ search behaviours in this setting. Athukorala et al. [5] investigated to what extent
simple lookup tasks differ from exploratory search tasks with respect to easily measurable
behaviours such as the initial query length, the time spent on analysing the first SERP, the
scroll depth and task completion time. Later, Athukorala et al. [6] leveraged their positive
findings (these tasks do indeed differ in several behaviours) and proposed a robust predic-
tor that determines based on the first traces of a search session whether the session will
end up being of an exploratory nature.

Besides analysing users’ exploratory search behaviours, a number of studies have fo-
cused on developing user interfaces and algorithms to support complex information needs,
e.g., [54, 59, 122]. Golovchinsky et al. [54] proposed several interface elements to better
support multi-session search, with a heavy focus on visualising the query history and
query patterns, while Ruotsalo et al. [122] presented an interactive intent modelling inter-
face to simplify the process of moving the exploration into one direction or another. On
the algorithmic side, Hassan Awadallah et al. [59] explored an automated approach (based
on query logs) towards decomposing complex search tasks into relevant subtasks, a step
of the search process that, in current Web search engines, is largely left to the user.

Our work is in line with prior search behaviour observation studies: we create differ-
ent learning conditions and then observe and analyse our participants’ behaviours in a
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relatively common Web search setup. One particular type of exploratory search are learn-
ing searches [88], which in recent years have been explored under the search as learning
heading [37] as we discuss next.

5.2.2 Search as Learning

Information scientists have observed that learners of all ages increasingly turn to search
engines to support their learning [50, 106, 118]. At the same time, concerns have been
raised about the lack of individuals’ “critical and analytical skills to assess the information
they find on the Web [118]”

Several works have explored data-driven methodologies to determine the impact of
(developing) expertise on search behaviour [45, 161] and subsequently to exploit mea-
surable behavioural traces (log traces, eye-tracking traces) as proxies of domain knowl-
edge [35, 169]. Relying on users’ log traces and features derived from them (e.g., query
complexity, diversity of domains on the SERP, document display time) enables the use
of a large user population (e.g., more than 700K search sessions in [45]); at the same time
though, these heuristics can only be considered to be crude proxies of learning gain metrics
(i.e. the difference between the knowledge at the end and the start of the search session)
and they require large-scale log traces to overcome the variance of the user population.
Instead of relying on search behaviour proxies, some works have measured learning di-
rectly through the explicit assessment (e.g., through multiple-choice tests, mind maps, the
writing of a summary) of domain knowledge before and after the search as learning ses-
sion [36, 39, 141, 162]—this of course is only viable in a lab setting with a limited set of
users. In this chapter, we follow the latter line of prior works, conducting a user study
and measuring learning gains by assessing our participants’ before and after the learning
session.

The main setup of our study is inspired by [36, 141, 142]. Collins-Thompson et al.
[36] conducted a user study to investigate whether certain search strategies (single-query,
multi-query, and intrinsic-diversified search results) are conducive to learning. They mea-
sured learning outcomes via manually assessed open-ended questions as well as self-reports
and found both to correlate highly. Syed and Collins-Thompson [141] introduced a doc-
ument ranking model optimised for learning (instead of relevance as standard ranking
models) and showed it to be more beneficial than standard retrieval algorithms with re-
spect to learning outcomes. This finding though is based on a rather artificial study setup:
the study participants were provided with a fixed list of ranked documents (produced by
variants of the document ranker) on a given topic that they were required to read, be-
fore answering knowledge assessment questions—the user study explicitly avoided the
use of an actual search engine and the associated typical search behaviour (issuing several
queries before clicking a document, skipping over documents in the ranked list, etc.). In
the work we present here, we investigate a more realistic setup, with topics drawn from
online learning platforms and search sessions that require our participants to search the
Web as they would usually do. Importantly, we compare the effectiveness of learning not
just within search variants but also with respect to instructor-designed learning material.
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5.2.3 Collaborative Search

In addition to single-user search variants, we also explore CSE (i.e. multiple users collabo-
rating in the search process) in our study. The inclusion of this variant stems from the fact
that collaborative searches for highly complex information needs, as may be encountered
during learning, can yield significantly better results with respect to material coverage
and knowledge gain when conducted in collaboration [101, 129, 134].

A number of CSE systems have been proposed in the past [30, 54, 68, 84, 102, 109, 128,
163, 167], though few of those systems are still accessible and functioning today. They
all have been designed with a number of goals in mind, the most essential ones being (i)
awareness of each others’ actions (e.g., through a shared query history), (ii) enabling the
division of labour (e.g., through algorithmic approaches [129] or a chat to explicitly divide
the work), and (iii) knowledge sharing so that the collaborators do not duplicate their work
(e.g., through shared bookmarks).

Lastly we note that systems can support different types of collaborations. As discussed
in Chapter 2, there are four main dimensions of CSE episodes: intent (explicit or implicit
collaboration), depth (algorithmic changes to support CSE vs. user interface changes),
concurrency (synchronous vs. asynchronous) and location (remote vs. co-location). In our
work, we designed our CSE system to be used in an explicit collaboration, with changes
restricted to the user interface level and remote users collaborating in a synchronous man-
ner. These choices are not only governed by our user study setup, but also the fact that
those are the most common characteristics of existing CSE systems.

5.3 Experimental Design

We set up our study as a vocabulary learning task which requires study participants to
recall and produce the meaning of domain-specific terms. This task enables us to mea-
sure the learning gain—the dependent variable in our study—effectively and efficiently as
the difference between the vocabulary knowledge in a pre- and post-test. Importantly,
this task can be executed within a short time frame—such as a single search session—
permitting us to recruit crowdworkers for our study as also previously done in [141, 142].
Learning tasks with more cognitively complex activities such as create or design, in con-
trast, require longitudinal studies (e.g., [25]) and considerable more assessment efforts to
judge the artefacts created during learning (e.g., summaries [162]).

We now describe the SearchX Setup we used in our study, how we selected the topics
for our study, then discuss metrics to measure vocabulary learning and finally present the
five different experimental conditions we evaluated in our work.

5.3.1 SearchX Setup

We used our search system SearchX(see Chapter 2, version l¥ill) with the back-end connect-
ing to the Microsoft Bing API to serve high-quality Web search results (see Figure 2.3). For
single-user search participants, we provided Searchx with a search box with four search
verticals (Web, Image, Video, and News) o, a document viewer (see Figure 2.8) without
document rating © and document annotation @, recent queries @, and saved docu-
ments @). For the synchronous CSE of two or more users, we also included the interface
elements recent queries @ and saved documents @) but with colour coded for each group
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member (see Figure 2.6a) and group chat @. *

5.3.2 Search as Learning Topics

One particular setting where we envision search as learning to play an important role
is online learning—video lectures are widespread today and a vital component of the in-
creasingly popular Massive Open Online Courses (MOOCs). Choosing high-quality lec-
ture videos on very specific topics that were designed (often by instructional designers in
the case of MOOC:s) for learning makes the search challenge hard—enabling us to get a
realistic answer to our research questions. Initially we chose three large-scale sources of
lecture video content: Khan Academy? edX® and TED-Ed*. From both TED-Ed and Khan
Academy we selected ten of the most popular videos (more than half a million views each);
on the edX platform we first selected ten of TU Delft’s STEM MOOCs at undergraduate
level and then selected a lecture video from within the first two course weeks that was no
longer than 15 minutes. The selected candidate videos cover a range of topics including
dystopia, stoicism, magnetism, photosynthesis, radioactive decay and climate change. We
manually created a vocabulary list for each of the in total thirty selected videos—a term
entered the vocabulary list if (i) it was mentioned in the video at least once and (ii) it
does not frequently occur outside of the domain-specific context as judged by the two
annotators. This resulted in vocabulary lists with a median size of 30 items (minimum 23,
maximum 73).

As such large lists were not feasible to be used in our actual study, we filtered the
videos and vocabulary items by their difficulty and only retained the ten videos and their
respective ten most difficult vocabulary items. Here, we employed the amount of unfamil-
iar terminology in a video as a proxy of video difficulty. In order to ascertain the difficulty
of the videos and vocabulary respectively we asked three staff members of our institute (all
with a PhD in computer science) to label all of the vocabulary items with a score between
1 (akin to unknown term) and 4 (akin to I know the meaning)’. The labellers only received
the vocabulary list, not the corresponding video. This resulted in a vocabulary knowledge
score per video, which is simply the average score of all vocabulary items across the three
labellers. We then ranked the videos according to their average score and selected the ten
videos with the lowest scores, i.e. those with the largest amount of unknown terminol-
ogy according to our labellers. Similarly, we also ranked each video’s vocabulary items
according to the average score across the three labellers and retained the ten least known
ones. The final list of videos (identified by their topic), as well as a selection of the retained
vocabulary items are listed in Table 5.2. The vocabulary items shown are highly domain-
specific, a setup that contrasts with [141, 142] where participants’ vocabulary knowledge
was also tested on less domains-specific vocabulary such as “temperature” and “earth”.
The majority of videos in Table 5.2 are from edX; the average video length is 7.3 minutes,
a common length of MOOC lecture videos [56].

'Here we used the group chat instantiated with Converse. js (see Figure 2.5a).
*https://www.khanacademy.org/

*https://www.edx.org/

*https://ed. ted.com/

*Concretely, we employed the Vocabulary Knowledge Scale as outlined in Section 5.3.3, but did not require our
labellers to actually write down the meaning of the items identified as knowledge levels (3) or (4) due to the
sheer size of the vocabulary list.


https://www.khanacademy.org/
https://www.edx.org/
https://ed.ted.com/
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This topic/video selection process ensures that our study participants are likely to find
at least one of our topics unfamiliar with a high potential for vocabulary learning. That
this is indeed the case, is visible in Figure 5.3—on average more than half of the tested
vocabulary terms were unknown (knowledge levels 1 or 2) to the study participants.

5.3.3 Assessing Vocabulary Knowledge

We employ the Vocabulary Knowledge Scale (VKS) test [43, 157] as it has been shown to
be a reliable indicator of vocabulary knowledge. The VKS tests the incremental stages of
word learning [40] with the following statements:

1. Idon’t remember having seen this term/phrase before.

2. I have seen this term/phrase before, but I don’t think
I know what it means.

3. I have seen this term/phrase before, and I think it means ___.

4. I know this term/phrase. It means __.

We employ statements (1) to (4) to test the vocabulary knowledge for each of our
vocabulary items®; the latter two statements require our study participants to recall and
reproduce the meaning of the vocabulary item. Choosing statement (3) indicates uncer-
tainty about the meaning’s accuracy, statement (4) indicates certainty on the correctness
of the provided meaning. In order to investigate to what extent this self-assessment is
correct among the crowdworkers that participated in our study (Section 5.3.6 provides
more information on them), we randomly sampled 100 of the meanings written by our
participants across all vocabulary items—fifty from participants self-reporting levels (3)
and (4) respectively. We manually labelled the statements as either incorrect’, partially
correct® or correct’. The results in Table 5.1 show that 88% of the statements self-assessed
at knowledge level (4) are either correct or somewhat correct. At level (3), this holds for
68%. These results indicate that the self-assessment scores are robust and thus we use
them without further manual labelling of the more than 3000 assessed vocabulary items.
This is in line with the study conducted in [36], where users’ perceived learning outcomes
(i.e. the self-assessment) matched closely the actual learning outcomes (i.e. the produced
definitions). Finally, it is worth pointing out that this setup is more difficult to tackle (as
it requires the production of a definition) than closed multiple-choice questions (which
require the recognition of a definition) as employed to test vocabulary learning in prior
work [141, 142].

5.3.4 Learning Metrics
As [142], we report absolute learning gain (ALG) and realised potential learning (RPL), en-
abling us to directly compare our study results to prior works. ALG is the aggregated

°Note, that the VKS test also contains a fifth statement geared towards second language learners. As in our study
we only include native English speakers, we ignore it here.

"Incorrect example: superposition (Qubit topic) described as “this has to do with the linear system”.

®Partially correct example: Bra (Qubit topic) described as “vector”.

°Correct example: propofol (Anesthesia topic) described as “an inhalation anesthetic used to induce sleepiness”.
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Table 5.1: Labelling of 100 sampled VKS level 3/4 statements.

Correct Partially Correct Incorrect

VKS level 3 42% 26% 32%
VKS level 4 76% 12% 12%

difference in knowledge observed in the post- and pre-test across all vocabulary items
V1, ..V, Here, vksX(v;) is the knowledge score assigned to v;; X is the test (pre or post).
As knowledge state changes from level (1) to (2) between pre- and post-test are natural
(after the pre-test, each item has been seen at least once), we collapse the two lowest levels
and assign both a score of 0. Items at knowledge levels (3) and (4) are treated in two ways:
(i) in the binary setup we treat items at both levels in the same manner and assign a score
of one; (ii) in the more fine-grained setup we assign scores of 1 and 2 respectively. The
advantage of the binary setup is a more intuitive explanation of the ALG/RPL metrics as
we will see later. We also assume that knowledge does not degrade between the pre- and
post-test. ALG is then computed as follows:

1 m
ALG = — Z max (0, vksPoS!(v;) - vksP ¢(v;)) (5.1)
mi3

The RPL metric normalises ALG by the maximum possible learning gain (MLG) of
each item (either 1 in the binary case or 2 in the fine-grained setup):

1 m
MLG = — Z maxScore - vksP"¢(v;) (5.2)
mia
ALS i MLG > 0
RPL = | MLG (5.3)
0, otherwise

To compute the metric for a particular condition, we average the metric across all
participants in that condition. We determine statistical significance through the non-
parametric Kruskal-Wallis rank test which allows for the comparison of more than two
groups.

5.3.5 Experimental Conditions

Figure 5.1 provides an overview of the study design we employed. Across all conditions, ev-
ery participant first conducts a pre-test for which randomly three of our ten final topics are
selected; for each of those topics all ten vocabulary items are assessed as described in §5.3.3.
The participant is then assigned the topic Ty, for which she reported the lowest aver-
age knowledge levels. In case of a tie between topics, we randomly pick one. After that,
the participant is randomly assigned to one of the conditions. The experiment ends with
the post-test, in which the participant is again assessed on her vocabulary knowledge—
this time only for items of Ty, In addition, the post-test also requires the participant
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to write a short summary on the topic as well as an outline'®. In the CSE experiment, the
two collaborators independently perform the pre-test and the post-test and collaborate
during the CSE phase. For collaborating users we slightly extended the pre-test phase:
we provided examples of collaborative searches and added seven questions on their past
collaborative Web search experiences—taken from a large survey on collaborative Web
search [101]—in order to reinforce the collaborative nature of the upcoming task.

Pre-test

U, \_3 randomly chosen topics

common most - o
o . - " most difficult
difficult tOpI,C’ s topic
A v

randomly assigned condition

Goteh | | | soamn | | vieo
(CSE) (£

!

Figure 5.1: Study design overview: four single-user conditions and one collaborative (pairwise) condition.

Our participants are randomly assigned to one of five conditions:

Video (V) In this condition, a participant is given access to the lecture video and can
watch it at her own pace (the common video player functions pause, rewind and
skip are enabled).

Search (SE) Here, the participant is provided with the single-user search interface and
instructed to search on the assigned topic for at least 20 minutes.

Video+Search (V+SE) The participant first views the video as in the V condition and
afterwards is provided with the single-user search interface and asked to search on
the assigned topic. The minimum time for this task (across both video watching and
searching) is 20 minutes.

Video+Search (V+SE20) This condition is similar to V+SE, the only difference is that
now the participant is instructed to spend 20 minutes searching after having viewed
the video.

Collaborative Search (CSE) Two participants search together using the collaborative
version of our search system for at least 20 minutes. Despite in Chapter 3 we have
varied group sizes, here we used group size two as it is a typical setup in online
collaborative learning in preliminary studies [77].

For all conditions involving a search phase, we employed the task template in Fig-
ure 5.2, adapted to our use case from previous studies [36, 79].

*While collected, we leave the analyses of the outline and summary to future work.
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Imagine you are taking an introductory [general topic, e.g., Health
and Medicine] course this term. For your term paper, you have de-
cided to write about [specific topic covered in the video e.g., the
symptoms and treatments of depression].
The professor requires all students
to demonstrate what they

learn about a particular topic by collaboratively conducting searches
online and presenting their views on the topic. To prepare your
term paper, you and your partner need to collect and save all the
webpages, publications, and other online sources that are helpful for
you to write a paper. After you and your partner have completed

the search phase, you will be asked to
complete 13 exercises; those exercises include questions about your
term paper topic and the writing of an outline for your term paper.
Those exercises are solved individually (without your partner).

Figure 5.2: Task template for all conditions containing a search phase. The underlined green phrases were only
added in the CSE condition; shown in dashed orange are the instructions only added for the V+SE and V+SE20
conditions.

In the video-only condition (V) we instruct our participants to watch the video without
any mention of search. Note, that the task description above does not explicitly state
the nature of the post-test (ten of the thirteen “exercises” are our vocabulary learning
questions), instead the focus is on acquiring on overview of the specific topic.

Apart from the video-only condition, all other conditions have a minimum task time;
the participants are provided with a visible timer, and can complete the post-test as soon
as the required time on the task is reached. We settled on a twenty minute task time
to provide participants with sufficient time to search and learn while keeping the study
time feasible for crowdworkers. We added three compliance steps in our study design:
(i) we included a sports topic (with well-known vocabulary items such as football, winner,
etc.) in the pre-test and excluded workers who chose knowledge levels 1/2 here; (ii) we
disabled copy & paste and recorded all tab changes in the pre- and post-tests and alerted
participants to the fact that more than three tab changes lead to non-payment (to avoid
participants searching the Web for answers to the questions); we limited the tab changes
in the video watching period to three changes as well; and (iii) we required participants
to adhere to a minimum word count in the open questions of the post-test.

We arrived at this design after a number of small pilot studies on the crowdsourcing
platform FigureEight (formerly CrowdFlower). As FigureEight is mostly suitable for short
tasks, we performed the actual experiments on the Prolific Academic platform, which has
been shown to be a more reliable source of workers for cognitively demanding tasks than
FigureEight [110].

5.3.6 Study Participants

Over the course of 27 days, in January 2018, a total of 151 study participants completed our
experiment successfully across the five conditions on Prolific. Their median age was 31
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(minimum: 18, maximum 66). 62.7% of our participants were female; most participants are
from the UK (70.9%), the remaining participants are from Australia, the USA and Canada.
Their academic backgrounds varied: 43.0% reported a high-school diploma as highest aca-
demic degree, 35% an undergraduate degree and the remaining 22% a graduate degree. We
paid our study participants £5.00 per hour for the experiment, which was the price sug-
gested by the Prolific platform. The median time they spent in our experiment (including
the pre- and post-tests) was 49 minutes.

As the CSE condition is set up as a synchronous CSE task (i.e. two study participants
have to be online at the same time), we added a waiting period for at most 10 minutes at
the end of the pre-test; if within that time, no other participant completed the pre-test with
the same topics, we released the participant from the task and paid £1.25 for a completion
of the pre-test and the waiting period only.

Finally, we note that next to the 151 valid ones, we rejected 20 submissions—these
participants did not adhere to our compliance standards (such as at most three tab changes).
We continued the crowdsourcing task until we reached at least 25 participants/pairs for
each condition. The relatively low number of rejections despite the complexity and length
of the task indicates Prolific to be a suitable platform for this type of user study.

5.4 Results

We now discuss the results, organised according to the three research questions.

5.4.1 Search vs. Instructor-Designed Learning

In RQ3.1 we investigate whether search as learning is as effective as instructor designed
learning, that is, as effective as watching the lecture video. We thus focus on compar-
ing conditions SE and V. We computed the absolute learning gain and realised potential
learning for each study participant in the binary setup'’; the results, averaged across par-
ticipants of a condition, are shown in Table 5.3. In the V condition, the average ALG is
0.32, that is, on average the participants increased their knowledge on three out of ten
vocabulary items from knowledge levels 1/2 to levels 3/4. The interpretation of RPL is
equally intuitive: for the SE condition for example, this metric is 0.3, indicating that on
average the participants reached knowledge levels of 3/4 for thirty percent of the terms
that were unknown to them.

When comparing SE with V, although we do not observe a statistically significant
difference between the two (recall that the sample size overall is not very large), the results
show a trend: instructor-designed learning leads to a 14% (measured in ALG) and a 24%
(RPL) increase in learning gains respectively. Practically, the change in RPL from 0.3 to
0.37 means that participants in the V condition reached knowledge levels 3/4 for “almost”
one more vocabulary item than participants in SE.

In Figure 5.3 we zoom in on the knowledge state changes between the pre- and post-
test and report the fraction of the most important types of changes. Across all conditions,
participants in the SE condition have the largest percentage (40.38%) of vocabulary items
that remain at knowledge levels 1/2 in the post-test. As expected, in the V and the two

"We found the same statistical differences in the more fine-grained setup (which distinguishes knowledge levels
3 and 4); here we report the binary case as it is more intuitive to interpret.
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Figure 5.3: Overview of vocabulary knowledge state changes aggregated across all topics for each condition.
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Figure 5.4: Active task time. Each point is a study participant.

video+search conditions V+SE and V+SE20 this percentage is considerably lower (15.6%,
20.4% and 16% respectively), as all tested vocabulary items are mentioned in the video.
One expected difference between the SE and V conditions is the amount of time it
takes to complete the task. As seen in Table 5.2 our selected videos have a length between
five and fourteen minutes. As in any standard Web video player, our participants are
free to pause, re-wind and skip ahead. In the SE condition, we require our participants
to spend at least twenty minutes within our search system. We next examine the actual
time spent on the respective interface(s). For V, this is the time difference between the
first video-play event and the last video-stop event. For SE we consider this to be the
time difference between the end of the interactive guide through the search interface and
the time of the last submitted query, viewed document or mouse hover over a snippet
(whatever came last). For the mixed video and search conditions we add up the times
spent on those two interfaces. Figure 5.4 shows the relation between RPL and the active
task time. Participants in the video-only condition spent between five and sixteen minutes
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(median 10m55s), while most of our SE participants spent the required minimum amount
of time actively searching. Since we pre-set a minimum task time we have to leave an
investigation into the minimum time required to achieve the same knowledge gain as
participants in the video-only condition for future work. What we can say though is that
on average SE participants require ten more minutes to achieve a comparable learning
gain. This is clearly an upper bound as we did not investigate a reduction in search time.

Lastly, in Table 5.4 we list some key characteristics of the search session behaviours
across conditions. Participants’ search behaviour in SE, V+SE and V+SE20 was very
similar—participants are unlikely to noticeably change their search behaviour consider-
ably within a single session. Prior work [45] has shown that within-session learning is
possible, however, a large user population is required in order to observe the small changes
in behaviour reliably. Most of our participants submitted between six and ten queries dur-
ing the search session (four example sessions of our participants are shown in Table 5.5)
that were 3-4 terms long, which is typical to current Web search queries. On average
participants in the SE condition clicked on 10 links per session, mostly within the Web
vertical. They also bookmarked slightly more documents than they clicked (on average
12.5) and spent on average nearly 7 minutes reading the clicked documents. These num-
bers indicate that our crowd-workers engaged with our search system and the task at hand
as intended.

Table 5.3: Learning effectiveness metrics. Superscript X indicates a statistically significantly higher metric than
condition X (Kruskal-Wallis, ¥ p-value < 0.05, ¥ p-value < 0.01).

SE \ V+SE V+SE20 CSE

ALG 0.281 0320 CSET  0.420 SEt CSE+ 0.444 SE+ Vi CSE+  0.234
RPL 0296 0368 CSE¥ 0.501 SEt+ CSE+¥ 0518 SE+ V+ CSE:  0.254

5.4.2 Instructor-Designed Learning with(out) Search Support

To address RQ3.2, we now explore whether a search phase immediately following the
instructor-designed learning phase has a significant impact on the learning gain. The re-
sults in Table 5.3 indicate that this is indeed the case: both metrics ALG and RPL increase
for V+SE and V+SE20 compared to condition V. Both video and search conditions lead
to significantly higher learning gains (absolute and potential) than the search-only con-
dition; V+SE20 significantly outperforms V as well. While in the video-only condition
participants are able to increase their knowledge for slightly more than a third of vocab-
ulary terms not known to them (RPLy=0.37), in V+SE as well as V+SE20 this is the case
for more than half of the previously unknown (RPLy,gg=0.5, RPLy, gg20=0.52) vocabulary
items.

Figure 5.3 shows two interesting insights on the knowledge state changes: first, V+SE
and V+SE20 participants are more certain about their learning than participants in the
video-only condition (with the number of vocabulary state changes from 1/2— 4 dou-
bling); secondly, participants are able to confirm their partial knowledge to a higher degree—
with most knowledge state change transitions of the type 3 — 4 occurring in the V+SE
and V+SE20 conditions. With respect to time-on-task (Table 5.4) our V+SE20 participants
spent on average just four more minutes searching than our V+SE participants, despite



103

5.4 Results

(szewig) seow9  (38°L ) 29°L (Ls'8 ) ov8 (S5°0) $2°0/(68°9 ) 0021 (90°2) 2€°€ (98°¢) 229  (TSwgl) sgTwee 480
(sepwp) scgwg  (S0°ST) 2LFT (12°L ) 8401 (04°1) 89°0/(08%1) 02°€T  (L¥2) 1€€ (SL°6)8p°L  (s9swiz ) s9gwiQg 0ZdS+A
(sgTwig) sgzwrs,  (8€'8 )2r0T (1S9 )H00T  (0877) 95°0/(6L°8 ) ¥¥2l  (£5°T) 2I°€ (L86) 91’8 (SCTWIT) STHWLT AS+A
(sgowig) sgqug  (¢0'¢ ) 0sel (L9 IT)0P'2T  (91°1) 8€0/(969 ) 2H 01 (F12) €S°€ (21°9) 05°L  (seSwy ) sgewiig as
[sonurwx ur] quey payRI[D  I9YIQ /[BOTMISA (I [sprom ur] [sonurwx ur]

owl Surpeay  syIeunjoogs  XeN SYOID# ISuaT A19NQ)  SLIAN()# ISUST UOISSIS YoIeds

“juedronred yoea Jo YURI NOI[O WNUITXEW Y} dFeI9AL dM ‘UTUN[OD JURY PINOID "XeJN o} J0 'S[EJI}IoA IS0 [[e U0 SYOI[d pajesordde otp) Se [[om Se [eO11IdA I/ AT}
UT SJUSWNIOP UO SHII[D Y} SIS UWNJOI SHOI[I Y, "(UOTJBIAS(] PIepUe)S) 95eIaAy UT UMOT[S SUOTJIPUOD YIIEIS 3} SSOIIE SITJSLI2IBILYD INOTARYD( U[dIeas dIseq :§'G J[qeL,



5 Contrasting Search as a Learning Activity with Instructor-designed Learning

104

Table 5.5: Four example search sessions logged in our experiment.

Water quality as-
pects

Depression

Qubit

Anesthesia

chemical processes
relevant to en-

sure safe drinking
water—threats to drink-
ing water—chemical
water treatment—safe
drinking water
supply—chemical
water treatment

symptoms of depression—addressing
depression—natural remedies for
depression—natural remedies for depres-
sion websitetype:.org—natural reme-

dies for depression .org—recognizing
depresion symptoms—treatment

for depression— causes of
depression—supporting someone with de-
pression

qubit—qubit transpose—quantum

bits basics—quantum bits calculating
length—quantum bits unitary vector—quantum
bits amplitude—quantum bits amplitude
vector—quantum bits basic state—quantum

bits terminology— quantum bits calculating the
transpose— quantum bits notation— quantum bits

filetype:pdf

how anesthesia
works — regional
anesthesia — inhala-
tional anesthesia —
intravenous anes-
thesia — what does
anesthesia do to your
body
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Table 5.6: Location of vocabulary items (VIs)

VKS Measure SE V+SE V+SE20 CSE
change

1/2 %clicked docs with VIs ~ 9.68 1.68 2.01 18.12
—1/2  %snippets with VIs 0.12 0.01 0.06 0.19
1/2 %clicked docs with VIs ~ 7.89 7.31 6.78 14.16
— 3 %snippets with VIs 0.08 0.12 0.18 025
1/2 %clicked docs with VIs ~ 7.26 4.52 2.46 6.59
— 4 %snippets with VIs 0.11 0.09 005  0.15

the quite different minimum task times (for V+SE the total task time is set to 20 minutes,
for V+SE20 it is 20 minutes for just the search part); indeed Figure 5.4 shows that only a
minority of participants quit the task immediately after reaching the minimum task time.

Lastly, we also consider to what extent the appearance of vocabulary items in the
clicked documents and on the SERP (snippets) is indicative of knowledge state changes.
This investigation is inspired by the observations reported in [45] where users were found
to draw terms from the SERP and viewed documents to formulate subsequent queries
within a search session. We here focus on the absence or presence of the tested vocabulary
items within the viewed documents and the SERP and bin the vocabulary items according
to the knowledge state change they underwent. The results are shown in Table 5.6. Al-
though one might expect a particular trend (the more often a vocabulary item appears in
the viewed documents, the higher the knowledge gain), there is actually none across the
single-user search conditions; presence or absence of vocabulary items is not sufficient to
approximate knowledge gains. Even more surprisingly, in the CSE condition we observe
the opposite: for vocabulary items that remain largely unknown a larger percentage of
documents contain those terms than for vocabulary items our participants increased their
knowledge on. These two results point to the fact that a valid proxy of learning needs to
measure much more than term absence/occurrence.

5.4.3 Collaborative Search As Learning

With RQ3.3 we aim to explore whether our instance of a search as learning task can benefit
from users collaborating together. Table 5.3 shows that in contrast to our hypothesis,
CSE does not lead to increased learning gains compared to the other conditions. On the
contrary, we observe our CSE participants to perform significantly worse than participants
in the video-only condition (ALG of 0.32 vs. 0.23, i.e. CSE participants learn one word less
than V participants on average) as well as both video+search conditions. One explanation
can be found in the fact that despite spending more time within our search system than
participants in all other search conditions, time is spent on the collaboration process—time
that is not spent reading documents, as evident in Table 5.5, where CSE participants have
the lowest average reading time compared to all other conditions. The median number
of chat messages collaborative pairs wrote was 13 (minimum 1, maximum 54) and of all
clicks, 6.15% came from entries in the query history and bookmarking widget that their
partners made. As backed up by prior works on CSE systems, collaborators are efficient
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at sharing the bookmarking work: the average number of bookmarks per participant is
indeed the lowest in the CSE condition, as participants here have a partner to contribute
bookmarks as well.

Figure 5.5 provides us with another interesting insight with respect to our participants’
academic background (high school certificate, undergraduate degree and graduate degree);
here, the spread of realised learning potential within each background and condition is
shown. Participants with an undergraduate degree show consistently higher gains than
participants with a high school certificate (across all conditions the median realised learn-
ing potential is higher for undergraduates). Surprisingly, participants with self-reported
graduate degrees do not follow this trend consistently, they perform especially poorly in
the SE condition. The participants within the CSE condition show very similar learning
potential (more so than participants in other conditions), likely due to the fact that the
pairing of participants was random, instead of being based on a shared academic level.
We also find that the spread in realised learning potential is small, there are few positive
outliers.

Given the comparably low learning gains in the CSE condition, we explored whether
our participants experienced particular difficulties finding information during the task, a
question we included in the post-test.

Table 5.7 shows the result of an open card-sort approach (here, we merged the two
search+video conditions); two of the authors independently sorted the 126 open answers
submitted for this question in the into groups, discussed differences and then created a
composite of the two results. We found seven categories of difficulties. Surprisingly, in
the CSE condition nearly half of the participants (48%) indicated to not have encountered
any difficulties, a higher level of satisfaction with our search system than participants in
the single-user search conditions (where 38% reported no issues).

Interestingly, while in the CSE and V+SE(20) conditions, searching for the right infor-
mation was the most often reported difficulty (e.g., “No difficulty in finding information,
however most websites gave more of an overview around physical treatment methods and
did not use technical language or use the terms used in the lecture.”), in the SE condition,
where participants neither had a lecture video as a basis, nor a partner to exchange infor-
mation with, this issue was only mentioned 12% of the time. Thus, the participants that
achieved the highest learning gains overall, self-reported the largest difficulties with the
search phase.

Table 5.7: Overview of participants’ self-reported difficulties.

Category SE V+SE/V+SE20 CSE
No problems reported  38% 38%  48%
Task setup 19% 2% —
Unclear focus 12% 8% —
Searching 12% 40%  32%
Sensemaking 8% 10%  12%
Credibility of sources 7% — 8%
Attitude 4% — —

Video >> search — 2% —
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Figure 5.5: Relationship between highest academic degree and realised learning potential. The number of partic-
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5.5 Limitations

The limitations of this chapter can be described in three folds: (i) our measurements of
learning gains; (ii) our interface was not designed for learning; and (iii) we paid crowd-
workers to conduct a learning task. First, we proposed a dataset that, even though it was
intended to be very realistic, the type of learning task and the vocabulary we used were
limited. In particular, we used graduates in the Computer Science department to rate the
vocabulary difficulty of general topics. We acknowledge that this could have biased our
vocabulary set, but this also leaves space for future work. Second, we acknowledge that
we did not design our interface for learning. Consequently, our participants may have had
difficulty using the task for learning. Lastly, we paid crowdworkers to conduct a learning
task, which may not be realistic as a learning setting. We acknowledge that learning can
be affected by other factors such as environment and interest. Paying crowdworkers could
have a higher impact on learning compared to a real classroom scenario.

5.6 Conclusions

Is (individual and collaborative) search a viable alternative to instructor-designed learning?
This is the question we set out to answer in this chapter. To this end, we carefully it-
erated over and designed a crowd-sourced user study with five different conditions that
pitted instructor-designed learning (in the form of short high-quality video lecture as com-
monly found in online learning platforms) against three forms of search: (i) search-only,
(ii) search as a support tool for instructor-designed learning and (iii) CSE. 151 partici-
pants spent a total of 138 hours in our experiment; they posed 897 queries and clicked on
1,512 documents. We measured their learning gains in a vocabulary learning task, which,
though testing only lower cognitive skill levels [4], proved to be sufficiently challenging—
not just for crowd-workers without a higher degree, but also for crowd-workers with a
tertiary education (Figure 5.5).

We made a number of important findings: (1) participants in the instructor-designed
learning condition reached up to 24% higher learning gains (measured in RPL) than partic-
ipants in the search-only condition; (2) instructor-designed learning supported by search
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is superior to instructor-designed learning alone, leading to a 41% increase in realised po-
tential learning; at the same time, these increases in learning gain do not translate into a
higher confidence in the search process; (3) in our short-term learning task (approx. 20
minutes), CSE is not competitive as the collaborative overhead leaves less time for the
retrieval and sensemaking steps of the search process: the learning gains decreased signif-
icantly compared to the video conditions. Considering that we pitted very high-quality
lecture videos against search, we consider these results as an indication that search can be
a viable (though worse) alternative to instructor designed learning, especially in situations
where no high-quality video material is available.

Following the work in this chapter, several studies have tackled a number of limitations
of our study:

« We have restricted ourselves to measuring learning only at the end of the search task.
Roy et al. [119] extended the work in this chapter and presented a user studied to un-
derstand when learning occurs during a search session by measuring learning gains
in regular intervals. Recall that in this chapter, measured learning gains via a vocab-
ulary learning task. Roy et al. [120] and Roy et al. [121] considered the effects of
different highlighting and note-taking strategies on learning-oriented search tasks
and measured not only based on a vocabulary learning task but also essay writing
task. A line of future work is how to capture learning gains via automated metrics.
All the three works [119-121] used and extended SearchX presented in Chapter 2.

« To explore the benefits of interface elements that support learning, Camara et al.
[28] investigated an instructional scaffolding widget by extending SearchX, which
guided participants in their learning during the search task. In instructional scaf-
folding instructor or teacher teaches learners through various means for them to
achieve their learning goals. Here the system acted as the instructor and provided a
widget to guide the learning of users during the session. They found that scaffolding
methods did not significantly improve learning gain, but they impacted search be-
haviour considerably. An open question that still remains is whether more complex
interface elements can better support tasks with increased cognitive skill levels.

In our study, we designed the experiment to be completed by crowdworkers, which
naturally restricted the possible task duration. Syed and Collins-Thompson [143]
look at the long-term learning retention by conducting longitudinal study and eval-
uating learning gains with a repeated vocabulary task performed nine months later.
Another line of future work is to continue exploring a more longitudinal setup. For
instance, with MOOC learners would enable to conduct a large-scale study with a
more significant number of conditions.

« Many other factors could impact the overhead of collaboration in the search for
learning together. For instance, Xu et al. [163] investigated how demographics and
traits of users could influence the user knowledge gains in a collaborative setting. In
particular, they focused on patterns that aided collaborative learning, such as com-
munication and division of labour. However, a similar limitation of their work and
our work is that they only conducted the collaborative setting in pairs. Therefore,
there is room for research in the direction of CSE for learning.
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Exploring Collaborative Navigation
Support in Collaborative Product
Search

In this chapter, we investigate the benefits of collaborative shopping-oriented search systems.
In particular, we aim to examine the benefits of enabling and increasing sense of co-presence
in collaborative online shopping and how it can improve group coordination during the de-
cision making process of purchasing a common product. In particular, we aim to analyse
the five stages of group decision making process: (i) recognise a collaborative shopping need
in a group; (ii) search and collect products from the online catalogue using a CSE system;
(iii) evaluate the collected products; (iv) make a purchase decision; and (v) post-evaluate a
purchase decision. One concrete manner to increase the sense of co-presence is collaborative
navigation. Collaborative navigation is the process of allowing a group to navigate and share
information via an intermediate interface. In our work, we investigate to what extent a group
of collaborating users differ in their search and decision making behaviour when faced with
either separate or shared navigation features (the latter being a specific type of collaborative
navigation). To this end, we conducted a user study with 30 groups given a collaborative
shopping task using either separate or shared navigation. We find that shared navigation
participants were more effective in their search space exploration, and navigation support did
not significantly impact the purchase and post-purchase decision making stages. Importantly,
this is the first work to shed light on the impact of navigation support in collaborative search
on the five stages of a group decision making process, with substantial design implications for
collaborative shopping-oriented search systems. The contributions of this chapter have been

published in [98].
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6.1 Introduction

Recently we have witnessed the emergence of online collaborative tools (e.g., Google Docs,
Slack, Zoom, etc.) that can assist a group of users in sharing and constructing knowledge,
communicating with each other, and coordinating their work. In the e-commerce do-
main, online retailers have begun exploring collaborative online shopping tools to provide
a group of customers an experience closer to physical shopping in the real-world—and con-
sequently improve engagement with the retail website. For instance, Amazon* offers its
customers the ability to create collaborative wish lists and chat on its website; in addition,
households can conduct voice search and shop together using the Alexa voice assistant.
In addition, the COVID-19 pandemic has prompted a rapid change in how customers shop.
Squadded® has launched the “Shopping Party” browser extension that allows users to shop
virtually together with friends on fashion retailer websites. By enabling social engage-
ment between collaborators on their website, retailers may observe business advantages
such as increasing time on site, product views, and intention to return [67, 74].

Specifically, in a collaborative online shopping experience, a group of users typically go
through five stages of group decision-making [60, 75]. First, the group needs to recognise
a collaborative shopping need, which can include one or more people advising another
member on a product to buy or the whole group buying a product together. Stage two
consists of searching and collecting products that are then evaluated in the third stage. The
first three stages can be complex as customers need to process a variety of sources of infor-
mation such as customer-generated information and seller information and e-commerce
websites need to retrieve from these sources [150]. In the fourth stage, a purchase decision
is made, and lastly, in stage five, the group evaluates their perceived satisfaction with their
purchase decision. Besides these stages, phases of discussion occur in all of the stages and
serve as a moment of regaining group coordination. A number of researchers have inves-
tigated how different collaborative features can support or hinder groups when working
through a collaborative shopping task [33, 49, 156, 166, 170].

A number of collaborative shopping systems have been developed [49, 105, 166, 170] in
order to support a group of users to search together for products, explore product recom-
mendations, and make a purchase decision. These systems have been studied with various
approaches such as product display format, recommendation agent, and chatting tool [65],
to enhance remote® customers’ sense of co-presence, improve shared understanding, re-
duce conflict resolution, and increase intention to return to the retail website. In particular,
enabling and increasing a sense of co-presence has been shown to be an essential aspect in
collaborative shopping as it can improve group coordination during the decision-making
process [166]. Increasing awareness has been found to improve the sense of co-presence
of collaborators and consequently to benefit the collaboration [127]. One concrete manner
to increase the sense of co-presence is through collaborative navigation.

Collaborative navigation is the process of allowing groups to navigate and share in-
formation via an intermediate interface [125]. Different types of collaborative navigation
exist, such as split screen [166] and shared navigation [170]. In the literature, there are nu-
merous examples of systems that provide such functionality [33, 166, 170]. Collaborative

thttps://www.amazon.com/hz/wishlist/intro — all URLs last accessed May 24", 2021.
*https://www.squadded.co/
*Customers that are synchronously remotely located on different devices


https://www.amazon.com/hz/wishlist/intro
https://www.squadded.co/
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shopping systems often support users when navigating an e-commerce site by sharing
a browser’s session, which can make members in a group aware of the location of each
other—or observe another member’s shopping session [166]. Collaborative search (CSE)
systems have also been developed with navigation features in mind to improve the aware-
ness of members, their coordination, and the sharing of knowledge [101].

Although CSE systems are not often connected to collaborative shopping systems in
the literature, both kinds of systems provide similar functionality to aid in a collabora-
tive scenario.* Specifically, navigation support features determine how a user employs
a CSE system together with other users. For instance, in a separate navigation features®
setup (which we refer to as SepNav), users conduct their own searches and can act inde-
pendently of other users. In contrast, in a shared navigation features setup (which we
refer to as SharedNav), any action taken by a user such as submitting a query or clicking
on a result may change the interface other members of the collaborating group currently
see. While not common, shared navigation features have been shown to reduce conflicts
between group members and make users more effective in their discussion [170]. How-
ever, previous works did not focus on understanding the differences in group behaviour
of navigation support features that can influence the entire group decision making pro-
cess [33, 156, 166, 170].

In this chapter, we investigate how the different stages of group decision making are
impacted by the type of navigation support (SepNav vs. SharedNav) in a collaborative prod-
uct search task. To this end, we designed a collaborative shopping system that consists of
a CSE system, with a product catalogue as an underlying corpus. User interface features
that users have come to expect from online shopping sites (such as faceted search) were
included. Through a user study with N = 64 participants, we perform a comprehensive
analysis of the effect of the navigational mechanisms during the group decision making
process to answer the following research question (RQ4): How and when do navigational
mechanisms impact the group decision making process in collaborative online shopping tasks?
We find that SharedNav participants were more effective in their search space exploration,
and we find no significant impact of navigation mechanisms on the purchasing decisions
and post-purchase decision evaluation stages of participants.

The main findings of this chapter are:

« We find that groups in the shared navigation were more effective in their search
space exploration.

« We find that shared navigation causes less usage of typical CSE features.

« Importantly, we do not find a significant impact of shared navigation on the pur-
chase decision and post-purchase decision perceived satisfaction.

6.2 Related Work

In Chapter 2 we have provided details in CSE in general, in this section, we look closely
at collaborative navigation, collaborative shopping, and group decision making.

“Hereon, we refer to both types of systems as CSE systems.
*Features that do not interfere with user navigation, such as the mouse location of other participants, or widget
displaying other participants recent queries.
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6.2.1 Collaborative Navigation

Collaborative navigation is a feature that determines how users navigate the functional-
ities of a collaborative system. Collaborative browsers are one type of system that can
typically support synchronous collaboration via yoked views, where a user’s interactions
causes the browsers of other group members to execute the same interaction automatically.
For instance, recent technologies such as TogetherJS® provide web application developers
with the ability to let users initiate a shared session on their website—alongside chat capa-
bilities (through text or video/audio). Screen sharing solutions also support collaborative
navigation. However, users involved can only share their screens—others have no ability
to collaboratively control what is happening [147].

In the context of CSE, collaborative browsers and screen sharing solutions can sup-
port a group collaboratively searching. However, these browser solutions do not contain
search-specific features. In contrast, CoSearch [3] was implemented to provide multi-
device collaborative navigation to support co-located’ CSE and giving each user a mo-
bile device, centralised by a desktop computer. Similarly, WebSurface [151] and We-
Search [104] provide co-located users a common display that users can navigate in their
CSE sessions.

The literature also provides examples of remote collaborative navigation to support
CSE. SearchTogether is an example of a system where users can split their search results
by opening them in a new browser tab, and sharing this with others. This is known as
separate or independent navigation, where users in a collaborative group use available col-
laborative features independent of one another. This approach has been widely used by
researchers in the area [109, 115, 128]. In contrast, shared navigation mimics collabora-
tive browsing features, where users can see (in real-time) the interactions that other users
make, such as mouse clicks, scrolls, or issued queries [33, 156, 166, 170]. However, shared
navigation features may introduce competition in attention and resources, potentially dis-
tracting members from the interactions of others, and may fight’ for the control of the task
or conversation [62]. This can have a negative effect on group coordination and require ad-
ditional effort in conflict resolution [170]. To overcome this potential side effect of shared
navigation, [166] introduced another form of collaborative navigation support called split
screen navigation. Here, dyads (pairs) can see the navigation of their partner in real time.
Through a user study, the authors found that shared navigation best improves navigation
in terms of alignments of what collaborators communicated, and what they were seeing
(via an eye-tracker), but split screen navigation encourages more diverse searches (i.e., a
better exploration of the search space). Our work builds on [166, 170]. Specifically, we
extended SearchX to support shared navigation and to support a collaborative shopping
experience. In contrast to [166, 170], we restrict shared navigation to the SERP only. We
argue that this limited approach reduces the likelihood of user confusion, and will reduce
the cognitive load of using the interface.

*https://togetherjs.com/

"One CSE system design dimension is location [52]: remote collaboration means that users are not co-located, and
thus their coordination requires a means of communication such as text chat or video/voice chat. In contrast,
co-located collaboration means that users are physically in the same space.


https://togetherjs.com/
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6.2.2 Collaborative Shopping

Morris [100] observed that 25.7% of the participants in their 2008 survey on collabora-
tive web search had collaborative shopping needs. In the meantime, tech start-ups have
incorporated social presence in their online platform ®. Although online shopping may
not always involve search episodes, searching is an important part of the shopping jour-
ney, and facilitating a better search experience can impact customer experience [150]. A
few works in collaborative shopping investigated the design and evaluation of collabora-
tive features that can improve a collaborator’s experience of co-presence and communica-
tion [74, 133, 156, 166, 170]. Co-presence support tries to increase collaborators awareness
of each other in order to improve the social presence while shopping together. This has
been achieved by developing system design components with collaborative navigation
support [156, 166, 170] and embodiment [74]. Communication support or media richness
has been studied as a component to support co-presence, but also to support coordina-
tion [133, 170].

Although many of the studies described above discussed how co-presence support
can enhance collaborative shopping experiences, none have investigated how searching
impacts the collaborative shopping experience. To bridge this gap, [49] developed Shop-
WithMe!, a collaborative shopping and searching system, and conducted a user study to
investigate whether CSE tools can support collaborative shopping. They found that CSE
improves information sharing among group members collaboratively shopping for expe-
rience goods. Our own work follows this line of inquiry. However, we aim to investigate
how collaborative navigation support can impact users in the group decision making process,
which also includes searching together as one of the stages in the process.

6.2.3 Group Decision Making

In the e-commerce environment, decision making has been extensively studied—focusing
on how decision aids can improve the decision making process of customers [60]. Kim
and Srivastava [75] described in general the customer’s decision making process in e-
commerce, and examined how social influence affects each decision making process stages.
They argued that during a shopping episode, a customer typically goes over five stages of
the purchasing decision making process. Stage 1: recognise their information need (e.g.,
defining product requirements such as price, colour, size). Stage 2: conduct exploratory
searches of the product catalogue and collect the candidate products. Stage 3. evaluate
and compare the candidate products. Stage 4: make a purchase decision. Stage 5: evalu-
ate their post-purchase decision.

In addition, communication has been found to play a key role in group decision making.
Nakamura et al. [105] also investigated group decision making in CSE in a restaurant
booking task. Based on the conducted user study with 24 participants, they found that
communication happens during the entire decision making task—with a leaning to more
communication at the beginning and the end of the task. Given that very few works in CSE
research studied the impact of CSE tools on decision making [61], we want to understand
what impact CSE features such as navigation support have on group decision making in
collaborative shopping.

*https://www.ecommercetimes.com/story/78142.html
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6.3 Experimental Design

Now we present our experimental design of this chapter. We introduce the SearchX setup,
the experimental conditions, tasks, experimental procedures, and evaluation measures.

6.3.1 SearchX Setup

We used our search system Searchx version W& (see Figure 2.3 in Chapter 2). Concretely,
we provided our participants with the Searchx’s UI depicted in Figure 2.9 with a search
box @ with search facets m search filters @ a document (product) viewer (see Fig-

ure 2.8) without document rating €) and document annotation @ recent queries @,
saved items @ shopping basket @ and group chat @.

Data Collection We utilised the Amazon public dataset with six different product do-
mains (Amazon departments) (see Chapter 2.3.4 for more details). Concretely, we indexed
the collection using Elastisearch and used multi-field BM25 to provide search results and
facets to the user.

Shared vs. Separate Navigation

The SepNav condition is the baseline condition: participants of a collaborating group each
issue their own queries, and view only their own search results on the SERP. This means
that participants subjected to this condition did not see the popup @ in Figure 2.3.

In contrast, in the SharedNav condition, participants within the group had their SERPs
synchronised once one of three actions occurred: (i) any member of the group issued a
query; (ii) filtered the search results; or (iii) changed the results page (via the pagination
component). Our approach was inspired by [170] and [166]. Our study, however, does
differ in relation to SERP synchronisation, and would only occur if one of the three ac-
tions listed above occurred. Other interactions with the user interface, such as scrolling,
were not synchronised. Thus, our participants still had the freedom to explore a limited
set of search results independently. We chose this setup to limit user confusion as in lit-
erature absolute synchronisation turned to more uncoupling events between two collab-
orators [170]. Besides, as we conduct our experiment with more than two collaborators,
requiring our participants to use two or more displays would be not feasible. In other
words, our implementation can be scaled up to more than two collaborators without any
additional requirements.

The SepNav condition has been trialled not only as a baseline in collaborative shopping
research [33, 49, 105, 170], but also in numerous studies in collaborative travelling planing,
collaborative-work tasks, and collaborative search as learning [29, 95, 96, 102, 105, 109].

6.3.2 Experimental Conditions

As outlined in Section 6.2, a number of experimental conditions have been trialled in pre-
vious works regarding navigational support in collaborative (shopping) systems. Impor-
tantly, our work aims not to compare novel or reproduce navigation support approaches,
but to understand how and when navigation support approaches affect the group decision-
making process. We randomly assigned participants to one of two conditions.



6.3 Experimental Design 115

SepNav In this condition whenever one participant in a group searches, the SERP is up-
dated only for the participant that posed a query.

SharedNav In this condition, whenever one participant in a group searches, the SERP is
synchronised among all participants of the group.

Participants under both conditions used the interface as outlined in Chapter 2.3; those

assigned to SepNav however would not see the callout @ in Figure 2.3; participants
worked independently.

6.3.3 Training and Main Task

We designed our study tasks intending to make them complex and nuanced enough to
require collaboration to accomplish the shopping task [27]. In particular, based on obser-
vations in the literature, a shopping task could result in individualised searching behaviour
rather than collaboration and collaborative sense making [140]. Hence, with collaboration
as a focal point, participants completed one training task, and one main task.

Training Task In this task, participants had 15 minutes to search for an everyday product
that their employer will buy for each of them (the same product) to enhance working
from home productivity. This task aims to familiarise participants with the CSE system,
and to search together. The participants went over the first four stages of the group
decision task outlined by [75]. We did not require them to fill in a post-purchase decision
questionnaire.

Main Study Task Figure 6.1 presents the template we used for the main task. This is a
single task and each group conducted a single task as described Figure 6.1. The goal of
this task is to elicit a collaborative shopping task so that we can observe the five stages
of the group decision making process.

6.3.4 Experimental Procedure

We scheduled an appointment for an online lab experiment® with each group of partici-
pants at a time they were online together—preferably in different locations.*® Once partici-
pants had accepted a consent form, they were redirected to our server with the instance of
SearchX running for their assigned condition. An overview of the experimental procedure
is shown in Figure 6.2. We now outline each of the steps.

@ The participants met up in a video call with the experimenter dispensing initial instruc-
tions. Participants were provided with a link to the experiment, after which the video
call ended.

@ The experiment began with participants independently answering pre-task questions.

@ Next, participants were moved to an online waiting room, where they waited for other
participants that signed up with them to finish the pre-task questions.

@ Once the participants moved to the CSE phase, they first undertook a short, automated,
interactive guide of the SearchX interface. The interface’s key features were highlighted
to the participants, along with a short explanation of what the highlighted components

°Due to COVID-19 regulations, we could not conduct a physical lab experiment.
*In case participants lived together and were in the same room, we asked them to not talk to each other during
the experiment.
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Alex and Charlie, a young couple who are your friends, just moved in together, and
they have invited your and your group members to a housewarming party. Your group
members have decided to buy a gift together for your friends. Together, you should
decide on a budget in the range of $50,00 and $200,00.

You don't know yet what to buy, but you should make sure that you choose a gift that
both Alex and Charlie will enjoy. You are not sure whether to give them an electronic
product since Alex is a gadget nerd or to help one of them improve their home work-
space since Charlie complained to your group recently about their sub-optimal work-
ing-from-home setup. Perhaps, Alex would like some sports accessories given their
passion for outdoor sports.

Together with your group members, decide what to buy to bring with you to the house-
warming party. Using our search system, find one product you think your friends will
like. To do so, first your group should explore a number of different products and save
the ones you find good candidates to give as a gift in the Saved Items widget.

After you have found a few candidates, discuss which one to settle on as the final gift
to buy. One person of the group should put the final item your group decided to buy
from the Saved Items widget to the Shopping Basket widget. You want to buy a good
gift but are also pressed for time as the party will start in an hour. You have thus 30 min-
utes to find a gift for your friends.

Figure 6.1: The task information template, as presented to participants of the study. This is for the main study
task only.

do. Participants were then given the training task in order to familiarise themselves
with the collaborative system. After 15 minutes, we automatically moved the partici-
pants to the main task.

@ Participants read the instructions for the main task, before undertaking it with their
team member(s). Our participants had 30 minutes to complete the task that is outlined
in Figure 6.1.

@ Once the main task was completed, we then provided a final, post-task questionnaire.
This was completed individually.

6.3.5 Pre-Task and Post-Task Questionnaires

Besides six demographic questions, our pre-task questionnaire included six CSE questions
as presented by [101] to aid priming of the participants for the upcoming CSE tasks. We
included a short explanation of CSE and when and how it can happen, along with three
images of groups collaborating (co-located and remote collaboration). These questions
were also included in Chapters 3, 4, and 5.

We provided a post-task questionnaire with 15 questions to capture each participant’s
experiences of shopping collaboratively with the provided system listed in Table 6.1. Partic-
ipants were able to indicate their perceived satisfaction with the group purchase decision,
their opinions on the search and discussion phases that took place, their participation
in the group decision, and their perceived difficulty of the group decision-making process.
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Figure 6.2: The experiment workflow for participants of this study. For more detail on the six main steps (as
numbered on the diagram), refer to §6.3.4.

Answers were provided using a seven point Likert-scale; an open-ended question was also
asked soliciting for their thoughts on the experience.

6.3.6 Study Participants

Over the course of 21 days, a total of 64 study participants completed our experiment
successfully across the two experimental conditions. We recruited our participants from
the Delft University of Technology, the Netherlands, via social media and internal commu-
nication channels. In total, 30 groups signed up in groups of two (26 groups) and three
(four groups). We randomly allocated 13 groups of size two and 2 groups of size three
to each experimental condition. Group members knew each other before the experiment.
Their median age was 23 (min = 14 and max = 49). 32 of our participants identified as fe-
male, 30 as male, and two as non-binary. Our participants come from various nationalities:
mainly India (17) and the Netherlands (16); the remaining participants are from EU coun-
tries (15), Mexico (3), Brazil (2), USA (2), Turkey (2), Nepal (2), Pakistan (2), China (2), and
Indonesia (1). Most of our participants reported to be advanced English speakers. Their
academic backgrounds varied: 31 reported possessing an undergraduate degree diploma
as their highest academic degree; 22 a graduate degree; and and the remaining a high
school diploma. We paid each participant a gift card valued at €12, which is comparable
with the Netherlands hourly minimum wage. The median time they spent in our experi-
ment was 60 minutes including pre-questionnaire (10 minutes) and post-questionnaire 3
minutes and 7 seconds.

6.3.7 Evaluation Measures

To evaluate the impact of collaborative navigation support in the group decision making
process, we captured a variety of events triggered by participants as they performed the
product search tasks. Table 6.2 shows the events aggregated by event type. In our data
analysis we aggregated the events in four types to capture the first four stages of the group
decision making process. More precisely, events were used to serve as a proxy
for Stage 1 (information need recognition) and Stage 2 (information search).
events allow us analyse Stage 3 (evaluation of selected products) and events
Stage 4 (purchase decision). We also analyse how communication takes place during the
decision process with events.
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Pre-Task Questions

What is your highest academic degree so far?
What is your age?

What is your gender?

Are you an English native speaker?

Demographics

How often do you buy products online?

How often do you buy products online together with someone else (friend, family member, partner)?
Online shopping experience =~ What types of products/services do you buy online?

Select the product categories that you often buy online

Which information about the product you find helpful during your online shopping?

Post-task Questions

It was easy to understand why products were retrieved in response to my queries.

System experience N . . . .
Yy P I didn’t notice any inconsistencies when I used the system.

It was easy to determine if a product was relevant to the task.

Task i
ask experience How difficult was this task?

I could see what they others were searching and examining during the task.
Collaboration experience It was easy to share what I found useful during my searches with my partners.
Did you find the collaborative features useful?

Were you satisfied with the decisions that you group have made?
Did you search products well enough to make a decision?
Post-purchase decision Did you discuss with others well enough to make a decision?
perceived satisfaction Did you expresss your opinions well enough in the discussion?
Do you think the decisions were reflected by your opinion?
What was your contribution during the task?

Table 6.1: Pre-task, post-task and after-task questions.
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Table 6.2: Event types that were triggered by participants. Numbers refer to the system interface (see Figure 2.3).

Type Events
Issuing a query (via query box @ or recent query @), paginate SERP €),

change facet @ filter SERP @ click on search results @ save or add to
item to the shopping basket @

Click on or delete saved item @
Send a chat message @

Click on or delete shopping basket item @

Based on the interactions we captured with events described in Table 6.2, we employed
a range of evaluation measures commonly employed in Interactive Information Retrieval
and collaborative shopping research [51, 96, 102, 166, 170].

We report aggregate search and review behaviours over a group & and individually
&. We report a number of behaviours associated with querying and interactions with the
SERP such as product clicks, and time viewing products, for example. We also analysed
the chat messages exchanged between participants; we report, among others, the time
between messages and the balance of messages amongst group members. The latter was
measured via the Gini coefficient [42] with the number of messages of each group member
as input.

6.4 Results

We now address the results in light of our overarching RQ4. Significance testing between
conditions was performed with the Mann-Whitney U pairwise test (at a = 0.05), as we ob-
served high variances for our measures. Note that + values in the tables and corresponding
narrative both indicate the standard deviation.

6.4.1 Descriptive Behaviour Analyses

Our RQ4 considers how and when navigational mechanisms impact the group decision mak-
ing process in collaborative product search tasks. We first focus on the how part of our RQ4.
Table 6.3 presents an overview of our behavioural measures grouped by the four behaviour
types: search, review, chat, and purchase. Results are reported across the two experimen-
tal conditions. For the first two columns of Table 6.3, mean values are the average over
the group %& across each condition, and the last two columns the average over participants
& across each condition. We first examine the effects of collaborative navigation on the
Stage 1 (information need recognition) and Stage 2 (product search and selection).

Our analyses show that for Stage 1 (captured with behaviour measures SE1-4), we
observe a significant difference in the number of queries issued via the search box (SE1)
(10.44 £ 4.77 queries and 8.12 +4.79 queries for SepNav and SharedNav, respectively), and
also via the recently issued queries component (SE4) (1.03 + 1.89 queries and 0.22 +0.55
queries for SepNav and SharedNav, respectively) across individual participants in each con-
dition. Additionally, we observe a significant difference in terms of the number of queries
issued amongst group members measured as the Gini coefficient of the number of queries
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Table 6.3: Mean (+ standard deviations) of search, review, chat, purchase behavior metrics across all groups (%8%) and participants (&) in each condition. A dagger Q)

next to SharedNav values denotes significance from the baseline, SepNav.

Over Groups

Over Participants

Stage and Measure E SepNav ﬁ SharedNav & SepNav & SharedNav
SE1  Number of queries issued 22.27(+10.96) 17.33(%7.59) 10.44(+4.77) 8.12(+4.79)"
SE2  Difference in number of queries among group members 0.08(+0.06) 0.15(+0.10) — —

SE3  Average query length (in words) 1.88(+0.57) 1.77(%0.39) 1.88(+0.61) 1.74(+0.44)
= SE4  Number of recent queries clicks 2.20(£3.10) 0.47(%0.74) 1.03(+1.89) 0.22(£0.55)F

A SE5 Maximum search pagination depth 4.35(+2.28) 3.45(+0.92) 4.23(+4.56) 3.18(£1.03)

m SE6  Number of filter selections 15.93(£9.04) 13.40(+8.40) 7.47(£5.87) 6.28(%5.33)
SE7  Number of product clicks 9.53(£6.47) 9.07(£6.53) 4.47(+4.95) 4.25(%3.77)
SE8  Number of saved products 10.73(+4.76) 9.07(%5.20) 5.03(%2.44) 4.25(+2.74)
SE9  Number of unique product retrieved 698.13(£362.95)  465.73(x160.79)T | 346.94(+194.15)  438.56(+149.05)"
SE10 Average product view time (seconds) 11.73(%3.82) 10.98(+5.23) 10.54(%7.93) 9.83(£10.36)

m R1  Number of saved items click 18.40(+15.00) 9.40(+4.53)F 8.62(+6.89) 4.41(+3.30)"
E R2 Average saved product view time (seconds) 8.90(£5.49) 8.32(£5.32) 10.54(+7.93) 9.83(+10.36)
= R3 Number of deleted saved products 3.80(%5.45) 3.20(£5.17) 1.78(+3.23) 1.50(£3.03)
C1 Number of messages 70.20(+35.91) 74.40(+29.27) 32.91(£16.06) 34.88(+13.60)
my C2 Time between messages 25.69(+13.62) 21.96(£9.27) 56.78(+32.14) 48.67(£21.99)
m C3  Number of chat words 392.00(£214.54)  466.67(+210.20) | 183.75(+104.03)  218.75(+114.68)

&4 C4  Number of chat clicks 23.47(+16.11) 19.47(19.27) 11.00(213.05) 9.12(+11.52)

C5 Balance of messages among group 0.08(+0.05) 0.08(£0.05) - -
P1 Number of basket products 1.93(+2.63) 1.87(%1.25) 0.91(%1.51) 0.88(+0.91)
P2 Number of basket clicks 1.73(£3.37) 0.53(£0.74) 0.81(%1.97) 0.25(20.51)
P3 Number of deleted basket products 0.27(%0.59) 0.53(£1.13) 0.12(+0.34) 0.25(+0.57)
P4 Time taken to add the last product to basket (mm:ss) 22:03 (% 5:15) 23:18 (+ 4:49) — —
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Example 1 - SepNav
monitor — gadgets — outdoor sports — gadgets — backpack — hiking backpack — power-
bank — poles — desk — hiking backpack — traveling backback — survival backback —
traveling backback — survival backback — hiking backpack — duo backpack — twin back-
pack — hiking — hiking — hiking shoes — microphone — noise canceling headphones —
noise canceling headphones wireless

Example 2 - SepNav

smart speaker — smart speaker — smart home — speaker — outdoor — outdoor — swing
— sports— projector — drone — bag — backpack — smart device — sports — remote
working — projector — sports — camera — action camera — gopro — drone — instax —
instax — gopro

Example 3 - SharedNav Example 4 - SharedNav
ergonomic table — sports — adeStable table — cool gadgets —s electronic gadgets N
adjustable desk — sports gear — sports gear — bluetooth speaker — home office —

sport table — running table — running — table — bluetooth speaker — home office —
running — ergonomic table — mood lamp — table working-from-home — home theater
running — home table — home office — indoor — sports — sports ascessories —

gym — portable gym — mixer — kitchen — blem-  camping ascessories — camping tent
der mixer — blender mixer — art — boardgames

Figure 6.3: Query logs over four individual search sessions, as captured in our experiment (with group sizes of
two). Each colour represents a different participant. Underlined phrases are possible alternation of roles during
the task.

of each participant (SE2 in Table 6.3). This finding shows that often a group member in the
SharedNav condition issued more queries than the others. This suggests that collaborative
navigation instantiated with SharedNav features affected the capability of participants to
formulate a larger set of queries, with one member taking the role of issuing the queries
for the other.

Turning our attention to Stage 2 (captured with behavioural measures SE5-10), we
observe that the number of unique products retrieved (row SE9 in Table 6.3) shows sig-
nificant differences between the two conditions—both when examining results on a per
group and individual basis. Groups in SharedNav navigation collaboratively covered a
smaller range of the search space as participants are always brought back together. How-
ever, groups in SepNav individually covered a smaller range of the search space, as each
participant retrieved a different number of products. This finding suggests that group
members subjected to SepNav retrieved more previously observed results (from queries
earlier in the session) than group members in SharedNav. To highlight this further, we
showcase in Figure 6.3 the query logs from four of our sessions, two each from SepNav
and SharedNav. We can see in Example 1 that there was an overlap of the search space
by members of a group subjected to SepNav (i.e., hiking backpack is first explored by one
member, and later the other member issues the same query, while the former continued
in a different direction). Our finding is different to [166]—the authors could not find a sig-
nificant difference in the number of retrieved items over a hotel search task between the
SepNav and SharedNav conditions. This difference can be explained by the fact that for our
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study, only the SERP was synchronised for group members subjected to SharedNav—and
not over actions such as scrolling, or viewing specifics about a product.

Next, we analyse the impact of collaborative navigation behaviours pertaining to how
groups evaluated their selected products during Stage 3. This analysis is based on met-
rics R1-3 in Table 6.3. We observe that group members in the SharedNav condition in-
teracted with the saved items interface component (@ in Figure 2.9) significantly more
often SepNav than SharedNav (18.40 +15.00 vs. 9.40 +4.53). A possible explanation for this
phenomenon is that group members subjected to SepNav relied more on the saved items
component to know which item the other member was searching for (and selecting) at the
same point in time.

We now look at the behaviour metrics for Stage 4. Purchase behaviour metrics P1-4 in
Table 6.3 show that groups in both conditions purchased and analysed purchased products
put in the shopping basket in a similar manner. From metric P4, we observe that groups
finished adding products to the basket on average at times of 22:03£5:15 minutes and
23:18+4:49 minutes for the SepNav and SharedNav conditions respectively. As participants
were given 30 minutes to perform the search task, agreeing on the shopping basket after
22 - 23 minutes on average indicates sufficient time was available for groups to make the
decision without time pressure.

Lastly, from Table 6.3 (row C1-5), we analyse the phase of discussions that occurred
within the chat messages. We observe no significant impact of collaborative navigation on
the discussion in terms of summary metrics. Interestingly, despite having an unbalance
in the number of queries among group members in the SharedNav condition, we did not
observe an unbalancing of the number of messages exchanged (row C5 in Table 6.3). One
would expect that participants in SharedNav that issued queries less frequently during the
task would communicate more to the participants issuing more queries. This suggests
that there was possibly an alternation between roles during the collaborative shopping
task—this can also be seen in the underlined phrases in examples 3 and 4 of Figure 6.3.

6.4.2 Time-based Behaviour Analysis
We now focus on the when part of our RQ4. In Section 6.3.7, we described the group
decision making stages in sequence. However, group members could go back and forth in
these stages. We zoom in on how this dynamics occurred along with the task. To do so,
we show in Figure 6.4 a series of Markov models, where the stages outlined in Section 6.3.7
are represented as states. We split each session into two halves to demonstrate what is
likely to happen at the start of the session when compared to the end of the session.
From Figure 6.4, we can first observe that groups in the SepNav condition had more
search events in the first half of the session (62.90% of the events) than in the second half
(39.64% of the events). Consequently, SepNav participants communicated less in the first
half (28.82% of the events) than in the second half (40.28% of the events). In contrast,
participants in SepNav condition to communicate more uniformly along with the session.
Also, once a search event occurs, participants in the SharedNav condition are more likely
in the first half of the session to send a message to their collaborators (31.32%) than SepNav
participants (17.60%). This suggests that participants in the SharedNav condition alternate
more between communicating and Stage 1 and Stage 2 of the decision making process.
This is an important implication for future research as we can identify key timestamps of
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Figure 6.4: Markov model constructed based on the transitions between events described in Table 6.2.




124 6 Exploring Collaborative Navigation Support in Collaborative Product Search

Table 6.4: Post-task questions regarding post-purchase satisfaction and system perception. Mean values (+ stan-
dard deviations) are reported across conditions SepNav and SharedNav. A dagger (1) next to SharedNav values
denotes significance from the baseline, SepNav.

Measure SepNav SharedNav
PP1 Purchase decision satisfac- 6.44(£1.16) 6.16(£1.44)
tion (1 (not satisfied) - 7 (satis-
9 fied))
& PP2 Search space exploration (1 5.94(£1.27) 5.75(x1.41)
g (not sufficient) - 7 (sufficient))
2 PP3 Discussed with others (1 (not 6.09(£1.28)  6.28(x1.08)
‘é’ sufficient) - 7 (sufficient))
& PP4 Expressed opinions (1 (not 6.19(£1.18) 6.38(£0.75)
sufficient) - 7 (sufficient))
PP5. Own opinions impacted (1 6.03(£1.23) 6.28(£1.11)

(disagree) - 7 (agree))

SP1 Relevance of search results (1 5.62(+1.41)  5.06(+1.50)"
(disagree) - 7 (agree))
SP2 No system technical issues (1 4.97(£1.99)  3.88(x1.93)"

=]
-g (disagree) - 7 (agree))
2« SP3 Task difficulty (1 (easy) - 7 3.34(+1.60)  2.97(+1.58)
5 (difficult))
A SP4 Easiness of synchronisation 5.62(%1.41) 5.06(£1.50)
g (1 (easy) - 7 (difficulty))
i SP5 Awareness of each other (1 5.47(£1.70) 5.16(+1.71)
« (disagree) - 7 (agree))

SP6 Easiness of sharing knowl- 4.97(%1.99) 3.88(%1.93)

edge (1 (easy) - 7 (difficulty))

the session to facilitate the shared navigation among collaborators via chat features.

In terms of review events, SharedNav groups are less likely to continue in Stage 3 dur-
ing the first half of the session than SepNav groups. This is expected as group members
have to explore more the saved items in order to coordinate and communicate their find-
ings. Surprisingly, during the entire session, less than 0.01% of transition events occurred
between search and purchase events, suggesting that in both conditions, there is no di-
rect transition to Stage 4 from Stage 1 and Stage 2. Additionally, we observe in both
conditions that participants triggered search events after a purchase event (14.89% and
13.16%, for SepNav and SharedNav, respectively). Further analysis shows that this transi-
tion back to Stage 1 and Stage 2 from Stage 4 is due to two reasons: (i) to only conduct
more searches and confirm the purchase decision was final (7 groups and 6 groups in the
SepNav and SharedNav condition, respectively); or (ii) to save and review more products
and remake the purchase decision (3 groups and 5 groups in the SepNav and SharedNav
condition, respectively).

6.4.3 Post-Purchase and System Perception

Finally, we present the perceived post-purchase satisfaction results in Table 6.4, or Stage 5
of the decision-making process (row PP1-5). As we ran a simulated task, we are unable
to capture how participants evaluate their purchase besides qualitative measurements. In
this stage, we did not observe statistical differences for the perceived purchase decision
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satisfaction. This finding means that collaborative navigation did not impact the perceived
satisfaction with the collaborative shopping task. On the other hand, in terms of system
perception (row SP1-6), we observe that participants subjected to SharedNav found the
search results less relevant than SepNav condition participants and that they perceived
more technical issues with the system. This can be explained as the collaborative navi-
gation is not something that participants were used to, even though we introduced the
system and the features during the training task.

6.5 Limitations

In this section, we shortly describe the limitations of this chapter as our experimental setup
had limitations related to: (i) the CSE setting; (ii) participants recruitment; and (iii) the task
descriptions that we designed. First, we acknowledge that the CSE setting in this study
was limited to groups of two and three members. Second, we recruited participants from
a technological university, limiting demographic diversity. Last, we designed the tasks
descriptions as realistic as possible. However, we acknowledge that not all participants
had previously experienced a collaborative shopping task. Overall, we believe that our
contributions in this chapter are still valid and are valuable results as a reference for future
work.

6.6 Conclusions

In this chapter, we aim to answer the following research question:

RQ4 How and when do navigational mechanisms impact the group decision making
process in collaborative online shopping tasks?

To this end, we investigated how the five stages of group decision (Section 6.2.3) mak-
ing are impacted by the type of navigational support (separate vs. shared navigation) in a
collaborative product search task. We conducted a user study with 64 participants. Partici-
pants were split between two systems: one that sought to have individuals search individu-
ally, with the other introducing shared navigation between group members. We observed
that of the stages of group decision making, Stages 1-3 were the most impacted by the
navigation support. In particular, we found that participants of shared navigation were
more effective in their search space exploration, and shared navigation caused less usage
of other CSE features, such as viewing recent queries. We observed that shared navigation
elicits participants to communicate more consistently during the task, and no significant
differences were found across the metrics we considered for Stage 4 and Stage 5.

Implications of the work conducted in this chapter demonstrate that researchers should
consider analysing the outcomes of online collaborative shopping tasks using the five-
Stage framework by [75], as it provides a more structured manner to understand the com-
plex processes involved. We confirmed that collaborative navigation does aid searchers
when collaboratively shopping. We also confirmed that the inclusion of chat tools also
aids the process; not being co-located, chat provides an invaluable means of communica-
tion between group members. To the best of our knowledge, this study is the first that
looks at user behaviour measures across independent and shared navigation systems in
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e-commerce. Our insights can be useful as they open up a number of possible future re-
search directions, such as:

Explore which types of products collaborative shopping and navigation support may
be beneficial. For example, study the situations where products are of high consid-
eration, which take longer to find or increase the risk of buying them.

Identifying other domains where collaborative navigation may be suitable. A promis-
ing domain is literature search, as researchers conducting literature reviews may
benefit from shared navigation to brainstorm and discuss previous literature.

Investigate how a chatbot facilitator can improve group chat discussions when shared
navigation may not be as effective, for instance, in groups larger than three mem-
bers.
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In this thesis, we examined the effectiveness of CSE in two parts: (i) the impact of dif-
ferences in group configuration on CSE system effectiveness, and (ii) effectiveness of CSE
systems in support of collaborative tasks in the context of search as learning and collab-
orative online shopping. We presented four user studies with more than 700 participants
and described their findings.

In this concluding chapter, we first revisit the research questions we introduced in
Chapter 1 and describe our main findings in Section 7.1. Then, in Section 7.3, we discuss
future directions, and conclude with final remarks in Section 7.4.

7.1 Main Findings

7.1.1 Effectiveness on Supporting Group Configurations

Within the first part of this thesis, we answered two research questions motivated by the
need of investigating understudied group configurations, namely, group sizes, and users’
roles. First, in Chapter 3, we turned our attention to the impact of group size on CSE ef-
fectiveness, which has not received much attention in past research. Previous work based
on simulations investigated the effect of group size changes [70]. However, simulations
are limited in their ability to model the real world. Thus, we conducted an elaborated user
study to investigate to what extent the findings of this simulation study hold in a setup
with actual users. To this end, we asked the following question:

RQ1 What is the impact of group size on CSE in recall-oriented tasks in terms of retrieval
effectiveness and search behaviours?

To answer this question, we designed a crowd-sourcing based user experiment with
more than 300 crowd-workers across group sizes of two, four, and six, and three CSE
system variants. Our findings show that we did not observe diminishing returns with
increasing group sizes; the group recall steadily increases as more collaborators participate
in the search. We also did not find larger collaborating groups beneficial at the start of a
search session mostly. Instead, the increased recall obtained early in the search session
compared to smaller collaborating groups is retained throughout the search session. Lastly,
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we noted that our results confirmed our intuition that division of labour and sharing of
knowledge approaches need to be considered with care as group sizes increase.

Next, in Chapter 4, we addressed the weakness of previous works on providing suffi-
cient evidence to the utility of assigned roles in CSE. The main drawback of these studies
was that each one was limited to comparing only two experimental conditions. Thus, in
Chapter 4, we set out to settle the following question:

RQ2 What are the benefits of role-based CSE recall-oriented tasks in terms of search
retrieval effectiveness, search behaviours, and communication patterns?

To answer this question, we designed a crowd-sourcing based user study across four
conditions: (i) individual searchers; (ii) artificial groups formed by aggregating the search
logs of pairs of individual searchers; (iii) pairs of collaborating searchers without assigned
roles; and (iv) pairs of collaborating searchers with assigned roles. Besides search effec-
tiveness, we investigated the differences in search behaviour and communication patterns
between those conditions.

Although our search behaviour and communication pattern analyses exhibit a sub-
stantial difference among those groups, we found that search effectiveness does not differ
significantly between groups with and without assigned roles. Particularly, we found that
our retrieval effectiveness measures (precision and recall) do not differ significantly be-
tween groups with and without assigned roles. Artificial groups (i.e., pairs of individual
searchers) did not benefit from communication and coordination perform at the same level
of recall as collaborative groups. In addition, we found that groups with assigned roles
show search behaviours that indicate their compliance with the given role assignment:
group members tasked with exploring the search space spent less time reading documents,
and issued more queries. In contrast to groups without pre-assigned roles, group mem-
bers assigned the task of exploring the set of documents pre-selected by another group
member spent more time reading documents. Despite the apparent differences in search
behaviours, search performance overall does not differ significantly. Lastly, we found that
groups with assigned roles communicate less frequently than groups without assigned
roles. Again, though, the time saved from fewer exchanges did not turn into an improved
search performance. We concluded that role-based CSE does not seem to be beneficial as
users alone can successful self-organise the collaborating group to reach their goals.

7.1.2 Supporting Search as Learning and Online Shopping Contexts
We then moved to the second part of this thesis. We focused on two contexts, namely,
search as learning, and collaborative online shopping. In Chapter 5, we turned our atten-
tion to search as learning and answered the research question:

RQ3 Is (individual and collaborative) search a viable alternative to instructor-designed
learning?

To answer this question, we designed a crowd-sourced user study with 151 partici-
pants assigned to one of the five different conditions that consisted of instructor-designed
learning (short high-quality video lecture) against three forms of search. In particular,
our experiment conditions consisted of (i) search-only, (ii) search as a support tool for
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instructor-designed learning and (iii) collaborative search. We measured their learning
gains in a vocabulary learning task, which proved to be sufficiently challenging though
testing only lower cognitive skill levels. We found that participants in the instructor-
designed learning condition reached up to 24% higher learning gains than participants
in the search-only condition. Also, instructor-designed learning supported by search is
superior to instructor-designed learning alone, leading to a 41% increase in realised po-
tential learning. At the same time, these increases in learning gain do not translate into
a higher confidence in the search process. Lastly, we found that CSE is not competitive
as the collaborative cost leaves less time for the retrieval and sensemaking steps of the
search process: the learning gains decreased significantly compared to the video condi-
tions. Considering that we used very high-quality lecture videos in comparison to search,
we consider these results to indicate that search can be a viable (though worse) alterna-
tive to instructor designed learning, especially in situations where no high-quality video
material is available.

Our last study was in navigation support in collaborative shopping tasks. In Chapter 6,
we addressed the following research question:

RQ4 How and when do navigational mechanisms impact the group decision making pro-
cess in collaborative product search tasks?

To answer this question, we conducted a user study with 64 participants. Participants were
assigned to one of the two experimental conditions: separate or shared navigation. We hy-
pothesised that shared navigation would impact the group decision making process stages
by enabling increased co-presence and consequently increased awareness and sharing of
knowledge of the CSE process. We found that of the stages of group decision making, the
stages of search, review, and evaluate, were the most impacted by the navigation support.
In particular, we found that participants of shared navigation were more effective in their
search space exploration, and shared navigation caused less usage of other CSE features,
such as viewing recent queries. In addition, we observed that shared navigation elicits par-
ticipants to communicate more consistently during the task, and no significant differences
were found across the metrics we considered for the purchase decision and post-purchase
decision stages of the group decision making process. We believe that the work done in
this chapter demonstrates that considering online collaborative shopping tasks must be
evaluated with the group decision making stages in mind, as it provides a more structured
manner to understand the complex processes involved. We confirmed that collaborative
navigation does help searchers when collaboratively shopping. Lastly, we also confirmed
that the inclusion of chat tools also aids the process; not being co-located, chat provides an
invaluable means of communication between group members. To the best of our knowl-
edge, this study is the first that looks at user behaviour measures across independent and
shared navigation systems in e-commerce.

7.2 Limitations

In this thesis, the user studies we conducted in this thesis had overall limitations related to:
(i) the recruitment of the participants for the studies; (ii) user study instructions; and (iii)
crowd-sourcing experiments during the Coronavirus pandemic. First, in Chapters 3-5, we
recruited participants via a crowd-sourcing platform, where we limited our participants to
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English speakers, and we paid a contribution according to the Prolific platform’s sugges-
tion. In Chapter 6, our participants consisted of mostly students from tech backgrounds,
which also could be limited due to the less diverse background. We acknowledge that
the participants could be limited, but we believe it does not affect the relevance of the
presented results in those chapters. Second, we designed our studies and gave instruc-
tions to the participants for doing tasks that would be as realistic as possible. Although
many of these tasks were inspired by related works, we acknowledge that our results could
be affected in terms of generalisability. Lastly, we recruited participants for two studies
(Chapter 4 and Chapter 6) during a period of the Coronavirus pandemic (Europe lockdown
in April 2020 and April 2021). We acknowledge that the increased distractions at home
and workplace (e.g., with homeschooling or family care) could have affected the partici-
pants’ performance during the experiments since most of our participants were located in
countries with rigid lockdown measures (most of our participants resided in the UK and
The Netherlands).

7.3 Future Directions

In the following, we discuss directions for future work to further expand our work.

7.3.1 Evaluation of Collaborative Search Systems

Evaluation in CSE is a continually discussed and difficult issue among CSE researchers,
with two workshops on CSE evaluation having been held in 2015 and 2017 (ECol’2015 [137]
and ECol’2017 [13]). The goal of the first workshop in 2015 was to identify issues on evalu-
ating CSE and why CSE evaluation is more challenging than individual interactive search
evaluation. Throughout this thesis, we leveraged many aspects from IIR and HCI research
fields to help us make our study design decisions. Similarly, previous and concurrent
CSE studies also used metrics and data collections common in IIR studies. However, CSE
studies have many aspects that differ from IIR studies, such as group configurations and
collaborative tasks. In the second workshop in 2017, participants identified the focus of
evaluation in CSE should be on the understandability, usability and quality of outcomes,
along with knowledge sharing and sensemaking. However, participants also considered
these latter evaluation aspects much more challenging to measure and evaluate.

As a result of the discussions of the two workshops, there is space for formalising an
evaluation framework for CSE. This framework should take into account the many aspects
that differ CSE studies from IIR studies and provide a clear guideline to CSE researchers.
Consequently, this could facilitate researchers in making decisions during the study design
stage and provide robust experimentation for CSE.

7.3.2 Modelling and Simulating Collaborative Search Behaviour

Modelling user behaviour in IIR has been extensively studied with formal models such
as economic models [10]. Search and stop behaviour models have oriented researchers
in identifying the costs and benefits of interface features such as a recent query widget.
Moreover, such a model has been the base for robust simulation in IIR and provides an
alternative and complement to user studies. A future line of work in CSE is to model col-
laborators’ search behaviour. Previous works have used simulation of IIR behaviour to
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simulate a CSE session. However, those simulations did not consider modelling collabora-
tors’ individual behaviour and interactions with other collaborators. Future work should
take into account the interaction behaviour of collaborators and model other CSE charac-
teristics such as group sizes and users’ roles. This line of work could potentially assist fast
prototyping of interface features as well algorithmic mediation approaches.

7.3.3 Collaborative Learning to Rank Models

Collaborative ranking models have been developed in a two steps fashion [134]. For in-
stance, the first step divides a data collection given a query (e.g., with clustering tech-
niques), and the second matches potential documents to each collaborator given their
profile (e.g., expertise) [136, 138]. Although these two steps provide a clear modelling
of collaborative rankers, another set of collaborative rankers could be developed in one
step based on learning to rank models and optimising one objective instead of two.

Collaborative learning to rank models could use as input the user, group, query repre-
sentations and produce as output the tailored list of ranked documents for the individual
user. However, to train learning to rank models, data collections and query-document
relevant pairs are required. One challenge that arises is that, in CSE, the query-document
relevance score can be different for each user in a group. Here, simulation can help build
learning to rank models by providing simulated behaviour data to train the models. Ulti-
mately, learning to rank models can be evaluated via user studies and learn from collabo-
rators’ behaviour as they interact with the search results.

7.3.4 Collaborative Conversational Search

Conversation is an important aspect in CSE when collaborators are synchronised in a
search session. Throughout, we have recognised the importance of conversation and anal-
ysed the conversation behaviour of collaborators. Recently, a lot of effort of IR researchers
has gone into conversational search data collections and evaluation methodologies [38].
However, the number of works that focused on the conversation aspect of CSE has been
limited. Previous studies focused on comparing voice versus text conversation [55], how-
ever, only a few to formalise how collaborators would discuss their information need and
divide the task via conversation [132, 133].

Therefore, a promising line of research is to identify attributes of conversation in CSE
that can be beneficial to help collaborators, for instance, discuss their information need,
divide the task, and share knowledge. Another attribute that would be worth considering
is the impact of group sizes in conversational CSE. In particular, adding more users to a
group could hinder the group chat from becoming inviable to keep up with their searching
and chatting.

Finally, in the opposite direction of this thesis, one can continue the development of
CSE by only focusing on supporting CSE via conversational systems as conducted by Avula
[8] or with voice-enabled CSE with voice assistants such as Amazon Alexa and Google
Home. Here, an open question that is interesting to answer is what type of task conversa-
tional CSE can support effectively [61].
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7.4 Final Remarks

Examining the effectiveness of CSE systems is a challenging endeavour that involves many
research and engineering decisions. As demonstrated throughout the thesis, we have ex-
amined CSE effectiveness in several dimensions, focused on designing user research stud-
ies that could provide us evidence on the benefits of CSE systems. We have also provided
an open source framework, SearchX, that we believe will assist the research community.
Our investigations considered many aspects of the SearchX’s UI such as the collaborative
features usage. We believe we have provided a robust CSE system for future researchers to
conduct experiments with a focus more on algorithmic mediation approaches. Finally, we
believe that this thesis will potentially aid researchers in further exploring many aspects
of CSE systems.
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Summary

Although searching is often seen as a solitary activity, searching in collaboration with
others is deemed useful or necessary in many complex situations such as: travel plan-
ning; online shopping; looking for health related information; planning birthday parties;
working on a group project; or finding a house to buy. Researchers have found that com-
plex search tasks can be executed more effectively and efficiently, achieve higher material
coverage, and enable higher knowledge gains in an explicit collaborative setting than if
conducted in isolation. However, even though researchers have carefully designed sev-
eral Collaborative Search (CSE) user studies, there is still conflicting evidence or a lack of
evidence on the effectiveness of CSE systems. Thus, in this thesis, we focus on examining
the effectiveness of CSE systems in two parts.

In the first part, we shed light on the effectiveness of CSE to support two group con-
figurations, namely group sizes and users’ roles.

Past collaborative search studies had a strong focus on groups of two or three collabo-
rators, thus naturally limiting the number of experimental conditions that could increase
quickly. Therefore, there is a lack of evidence suggesting the extent to which a CSE sys-
tem can support group sizes beyond these commonly investigated group sizes. Thus, in
Chapter 3, we study CSE system effectiveness with group size as the primary dependent
variable. Here, we vary group sizes from two to six collaborators, with six as our upper
bound due to limitations on our available resources.

In Chapter 4, we focus on roles in CSE. Roles can determine how a group splits up
the search task, and determines each group member’s function (e.g., one group member is
responsible for finding documents and reading and evaluating them, with a further mem-
ber responsible for in-depth reading and evaluating of the aforementioned documents). In
particular, when the CSE system assigns a role to each group member, researchers have
hypothesised that a group may reduce the time spent communicating and coordinating
the task, and make the search process more efficient and successful than groups without
role assignment. However, past user studies have provided contradicting evidence as to
the utility of assigned roles in CSE. Thus, in Chapter 4, we provide more evidence to settle
the question of the effectiveness of CSE systems when used by groups with pre-assigned
roles versus groups without pre-assigned roles.

In the second part of this thesis, we make our group configurations constant, particu-
larly, group sizes are set to up to three people, and group members receive the same role.
We then turn to a different perspective and focus on examining the effectiveness in two
contexts: Search as Learning (SAL) and collaborative online shopping.

Search activities for human learning involve multiple iterations that require cognitive
processing and interpretation, often requiring the searcher to spend time scanning/view-
ing, comparing, and evaluating information. However, web search engines are not built to
support users in the search tasks often required in learning situations. When people use
search as a learning activity, it can be an individual activity or a collaborative activity (e.g.,
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group projects). Hence, in Chapter 5, we tackle the challenge of identifying the impact
of web search engines on the (single-search or collaborative search) users’ ability to learn
compared to learning acquired via high-quality learning materials as a baseline.

In Chapter 6, we look at a further context: collaborative online shopping. In collabo-
rative online shopping, a group of people come together to make a decision to purchase a
product that meets the various group members’ requirements and opinions. While shop-
ping together, search is an important part of the task in order to search for products in a
catalogue that is available in an e-commerce website. One important aspect of collabora-
tive shopping is supporting awareness and sharing of knowledge as it can enable a sense
of co-presence, which helps groups make a decision that satisfies each group member’s
requirements and wishes. As search is a significant part of a collaborative online shopping
experience, CSE systems are suitable for executing such tasks. However, there is insuffi-
cient evidence of how well can CSE systems support a group of users to search for online
products together and make a group decision. Hence, in Chapter 6, we explore the effects
of increased awareness and sharing of knowledge (co-presence) using a CSE system in
collaborative shopping on the group decision making process.
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Samenvatting

Hoewel zoeken vaak als een individuele activiteit wordt gezien, wordt zoeken in samen-
werking met anderen nuttig of noodzakelijk geacht in veel complexe situaties, zoals: plan-
nen van een reis; online winkelen; zoeken naar gezondheidsgerelateerde informatie; plan-
nen van een verjaardagsfeestje; werken aan een groepsproject; of vinden van een huis om
te kopen. Onderzoekers hebben ontdekt dat complexe zoektaken effectiever en efficiénter
kunnen worden uitgevoerd, een grotere materiaal-dekking bereiken en meer kennis ople-
veren in een expliciete omgeving van samenwerking dan wanneer de zoektaken afzonder-
lijk worden uitgevoerd. Hoewel onderzoekers zorgvuldig verschillende gebruikersonder-
zoeken voor collaboratieve zoekacties (CSE) hebben opgezet, is er nog steeds tegenstrijdig
bewijs of een gebrek aan bewijs over de effectiviteit van CSE-systemen. Daarom richten
we ons in dit proefschrift op het onderzoeken van de effectiviteit van CSE-systemen in
twee delen.

In het eerste deel werpen we licht op de effectiviteit van CSE om twee groepen confi-
guraties achtereenvolgens te ondersteunen, namelijk groepsgroottes en gebruikersrollen.

Eerdere onderzoeken naar gezamenlijk zoeken waren sterk gericht op groepen van
twee of drie medewerkers, waardoor het aantal experimentele omstandigheden dat snel
zou kunnen toenemen, natuurlijk werd beperkt. Daarom is er een gebrek aan bewijs dat
suggereert in hoeverre een CSE-systeem groepsgroottes kan ondersteunen die verder gaan
dan deze algemeen onderzochte groepsgroottes. Daarom bestuderen we in Hoofdstuk 3
de effectiviteit van het CSE-systeem met groepsgrootte als de primaire athankelijke vari-
abele. Hier variéren we de groepsgrootte van twee tot zes medewerkers, met zes als onze
bovengrens vanwege beperkingen op onze beschikbare middelen.

In Hoofdstuk 4 concentreren we ons op rollen in CSE. Rollen kunnen bepalen hoe een
groep de zoektaak opsplitst en zij bepalen de functie van elk groepslid (bijv. één groeps-
lid is verantwoordelijk voor het vinden van documenten en het lezen en evalueren ervan,
terwijl een ander lid verantwoordelijk is voor het diepgaand lezen en evalueren van de bo-
vengenoemde documenten). In het bijzonder, wanneer het CSE-systeem een rol toewijst
aan elk groepslid, hebben onderzoekers de hypothese aangenomen dat een groep de tijd
die besteed wordt aan het communiceren en coérdineren van de taak kan verminderen en
het zoekproces efficiénter en succesvoller kan maken dan groepen zonder roltoewijzing.
Eerdere gebruikersonderzoeken hebben echter tegenstrijdig bewijs opgeleverd over het
nut van toegewezen rollen in CSE. In Hoofdstuk 4 geven we dus meer bewijs om de kwes-
tie van de effectiviteit van CSE-systemen op te lossen wanneer ze worden gebruikt door
groepen met vooraf toegewezen rollen versus groepen zonder vooraf toegewezen rollen.

In het tweede deel van dit proefschrift maken we onze groepsconfiguraties constant,
met name groepsgroottes zijn ingesteld op maximaal drie personen en groepsleden krijgen
dezelfde rol. Vervolgens richten we ons op een ander perspectief en richten we ons op het
onderzoeken van de effectiviteit in twee contexten: Zoeken als Leren (SAL) en samen
online winkelen.
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Zoekactiviteiten voor menselijk leren omvatten meerdere iteraties die cognitieve ver-
werking en interpretatie vereisen, waarbij de zoeker vaak tijd moet besteden aan het scan-
nen/bekijken, vergelijken en evalueren van informatie. Web-zoekmachines zijn echter
niet gebouwd om gebruikers te ondersteunen bij de zoektaken die vaak nodig zijn in leer-
situaties. Wanneer mensen zoeken gebruiken als leeractiviteit, kan dit een individuele acti-
viteit of een samenwerkingsactiviteit zijn (bijvoorbeeld groepsprojecten). Daarom pakken
we in Hoofdstuk 5 de uitdaging aan om de impact van web-zoekmachines op het vermo-
gen van gebruikers om te leren (single-search of collaboratief zoeken) te identificeren in
vergelijking met een baseline van leren verkregen via hoogwaardig lesmateriaal.

In Hoofdstuk 6 kijken we naar een andere context: collaboratief online winkelen. Bij
collaboratief online winkelen komt een groep mensen samen om een beslissing te ne-
men om een product te kopen dat voldoet aan de eisen en meningen van de verschillende
groepsleden. Tijdens het samen winkelen is zoeken een belangrijk onderdeel van de taak
om producten te zoeken in een catalogus die beschikbaar is op een e-commerce website.
Een belangrijk aspect van collaboratief winkelen is het ondersteunen van het bewustzijn
en het delen van kennis, omdat het een gevoel van gezamenlijke aanwezigheid mogelijk
kan maken, waardoor groepen een beslissing kunnen nemen die voldoet aan de eisen en
wensen van elk groepslid. Aangezien zoeken een belangrijk onderdeel is van een gezamen-
lijke online winkelervaring, zijn CSE-systemen geschikt voor het uitvoeren van dergelijke
taken. Er is echter onvoldoende bewijs van hoe goed CSE-systemen een groep gebruikers
kunnen ondersteunen om samen naar online producten te zoeken en een groepsbeslissing
te nemen. Daarom onderzoeken we in Hoofdstuk 6 de effecten van een groter bewustzijn
en het delen van kennis (co-aanwezigheid) met behulp van een CSE-systeem in collabora-
tief winkelen op het beslissingsproces van de groep.
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