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ABSTRACT

Web search is increasingly used to satisfy complex, exploratory
information goals. Exploring and synthesizing information into
knowledge can be slow and cognitively demanding due to a dis-
connect between search tools and sense-making workspaces. Our
work explores how we might integrate contextual query sugges-
tions within a person’s sensemaking environment. We developed
InterWeave a prototype that leverages a human wizard to generate
contextual search guidance and to place the suggestions within the
emergent structure of a searchers’ notes. To investigate how weav-
ing suggestions into the sensemaking workspace affects a user’s
search and sensemaking behavior, we ran a between-subjects study
(n=34) where we compare InterWeave’s in context placement with
a conventional list of query suggestions. InterWeave’s approach
not only promoted active searching, information gathering and
knowledge discovery, but also helped participants keep track of
new suggestions and connect newly discovered information to ex-
isting knowledge, in comparison to presenting suggestions as a
separate list. These results point to directions for future work to
interweave contextual and natural search guidance into everyday
work.
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1 INTRODUCTION

People increasingly use web search to learn and work online. When
searching the Web to address complex, exploratory information
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goals — such as academics reviewing literature, policy makers re-
searching policy briefs, lawyers engaged in case discovery, startup
founders performing market analysis, or individuals learning how
to take care of a loved one - people not only look up facts, they also
read, collect articles and take notes to make sense of the information
space. However, exploratory information seeking is often arduous
and difficult. The user must first articulate a search query to fulfill
their information goals. This can be especially challenging in new
areas where people often lack domain knowledge to know what to
ask, let alone how to ask it [71, 86, 107]. Then, once the user finds
useful information, they must switch their attention back and forth
between the resource and sensemaking applications — like note-
taking tools — where they collect, annotate, and synthesize informa-
tion from multiple queries, sources, and sessions. Furthermore, to
make progress on exploratory, complex projects, users must synthe-
size and make connections between newly-discovered information
and their existing knowledge about the topic [21, 90, 107]. The work
required to synthesize information while continuing to discover
new resources can be time consuming and cognitively demanding.
To help alleviate some of these challenges around exploratory
search, search engine developers and researchers have devoted
much attention to developing and fine-tuning search recommen-
dation and suggestion algorithms. For example, current search
engines attempt to assist with query formulation such as: Auto-
completions to help people type queries quicker, People Also Ask
to clarify the information need, or Related Searches to explore re-
lated topics [9, 23, 40, 56, 68, 85]. Researchers have also explored
presenting search guidance in representations such as hierarchi-
cal lists [18], concept maps [19, 79, 91], lists of stacked bar charts
[100] and trails [13, 106]. While evaluations of these systems show
evidence of supporting active search processes, they often create
a representation space that is independent of the searcher’s own
representation of the information space [18, 80, 91, 106]. This forces
searchers to reconcile the two representations or to adopt the rep-
resentation provided by the system (e.g., using the category space
from Topic-Relevance maps). This also forces users to switch back
and forth between the query suggestions lists and their own work to
check for updates. This context switching is not only distracting and
cognitively demanding, it also makes it hard to discover updated
suggestions and integrate new information into the sensemaking
workspace. Our work explores how we might integrate contextual
search suggestions within a person’s sensemaking environment.
Prior work has shown that integrating guidance with the user’s
work context can make it easier to seek help for learning and cre-
ative production [39, 43, 44, 48, 74, 77]. Modern text-editing soft-
ware (e.g. Google Docs, Microsoft Word) includes the ability to
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Figure 1: InterWeave’s user interface augments (a) a search browser with (b) a sensemaking workspace where contextual search
suggestions are presented at up to four levels within user’s evolving sensemaking structure at the (c) title, (d) cluster, (e) cross-

clusters, and (f) individual note levels

select phrases in the document and issue them as queries. Person-
alized search systems go further by recommending suggestions
based on user-generated content. For example, Teevan et al. [98]
re-rank search results to help users find information quicker by
implicitly inferring interests from user-generated documents and
emails. More recent systems such as CoNotate [77] and ForSense
[84] demonstrate how search systems can offer search and sense-
making suggestions based on analyzing the searcher’s notes and
previous searches for patterns and gaps in information. While this
approach helps make query suggestions more relevant, these sug-
gestions are typically presented as a list separate from the user’s
work context. Therefore, users still need to context switch back and
forth between their search tool and sensemaking workspace.

Recent work has also demonstrated the benefits of presenting
search suggestions within the workspace where the information
is used. This has been particularly explored in the context of com-
puter programming [43, 44, 48] where embedding software tutori-
als [29, 43, 45, 48, 54] and discussion topics [74] reduces the need
for context switching and supports active learning. It is unclear
whether contextual placement of search query suggestions also
provides an advantage for free-form, unstructured activities like
note-taking.

To explore the potential of weaving query suggestions directly
into a user’s emergent synthesis of a knowledge space, we devel-
oped a wizard-of-oz prototype [35] called InterWeave as a web
browser extension that piggybacks [47] on top of the online white-
boarding platform Miro (https://miro.com). InterWeave embeds
search suggestions within the emerging representation of a searcher’s
sensemaking structures (Figure 1). Different types of suggestions
appear (1) on the document title, (2) around clusters of similar in-
formation (3) across multiple diverse clusters and (4) on individual
units of information. InterWeave was built as a wizard-of-oz pro-
totype where a confederate observes how users search and add

content to notes. The wizard paid attention to the content and
structure of the searcher’s notes and previous searches, in order
to infer relevant and potentially undiscovered information. The
wizard then has the ability to recommend pre-assembled query
suggestions at the appropriate level of the emergent sensemaking
structure. The context-aware search suggestions appear seamlessly
integrated into the user’s representation of information.

To evaluate how in context placement of suggestions affects
search, sensemaking, and learning behaviors, we conducted a between-
subjects study (n=34) where we compare InterWeave’s placement
of suggestions with a conventional list of query suggestions. Par-
ticipants search the web on an exploratory topic (e.g. future of
space travel or environmental impacts of COVID-19 pandemic),
while they also collect information, take notes, and synthesize their
knowledge within the digital whiteboard space. Participants were
randomly assigned to either InterWeave or a baseline system which
lists the same suggestions outside the user’s sensemaking con-
text. The baseline condition attempts to simulate the placement of
suggestions on general-purpose search engines (e.g. Google, Bing)
while controlling for the content, quantity and timing of query
suggestions.

Our analysis shows that, compared to seeing a list of query
suggestions in the web browser, InterWeave participants issued
significantly more queries, discovered more domain-specific terms
and concepts, gathered more information and made connections
across subtopics towards a more holistic understanding of the topic.
Also, participants reported that the InterWeave suggestions were
more easy to discover, led to greater information gain, and helped
them connect new information to information already gathered.
These results provide directions for future work to interweave
contextual and natural search guidance into everyday work. This
paper offers the following contributions:
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(1) We conceptualize the potential of inferring a user’s emergent
sensemaking structures in order to present query recommen-
dations weaved into a note-taking and synthesis workspace.

(2) We created a prototype, InterWeave, that leverages a hu-
man wizard to present contextual search guidance on a digi-
tal whiteboard and weaved into the emergent structure of
searchers’ notes.

(3) We conducted an evaluation study that demonstrates the
InterWeave approach not only promoted active searching,
information gathering, and knowledge discovery, but also
helped participants keep track of new suggestions and con-
nect newly discovered information to existing knowledge,
in comparison to positioning suggestions as a list.

2 RELATED WORK

This research builds on prior work related to information foraging
and sensemaking assistance during complex, exploratory work.

2.1 Exploratory Information Seeking

Most people use web search to look up facts or to get timely infor-
mation to complete some other task. But people increasingly use
the Web to explore, learn and do more complex information synthe-
sis for more open-ended goals. For example, academics reviewing
literature, designers exploring which tool to use, startup founders
performing market analysis, or individuals exploring, learning and
making decisions like where to vacation. Exploratory searches in-
volve multiple iterations and return sets of information that re-
quire cognitive processing and interpretation and often require the
information seeker to spend time scanning/viewing, comparing,
critically assessing and making qualitative judgments before being
integrated into personal and professional knowledge bases [71, 107].
The search task does not exist in isolation from the surrounding task
context. Not only does the context influence the performance of the
task, but it also affects what action should be taken with the found
information. Given the strong relationship between exploratory
search and information use and information understanding, it is
likely that these searches will involve engagement with multiple
applications in the user’s information workflow.

People engaged in exploratory searches are generally: unfamiliar
with the domain of their goal (i.e., need to learn about the topic in or-
der to understand how to achieve their goal); unsure about the ways
to achieve their goals (either the technology or the process); and/or
even unsure about their goals [107]. There may also be periods of
heightened uncertainty and confusion as people try to articulate
their information needs, discover new information and assimilate
knowledge to make sense and acquire meaning. Exploratory search
can give rise to feelings of doubt, confusion, frustration, and anxiety
[63]. The complexity and uncertainty of exploratory search leads
to a nonlinear, dynamic process involving a tacking back and forth
between deduction and induction [17]. It involves balancing diver-
gent thinking with the convergence of ideas [37]. The processes of
exploring and working with information are critical for building
connections, discovery, and creativity. These processes rely on the
effective provision, processing, and manipulation of information at
all stages of an exploratory search and information work. As the
information need evolves, the searcher’s ability to articulate query
statements and identify relevant information increases based on
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Figure 2: While many search systems recommend search
queries, InterWeave goes further by inferring the user’s
sensemaking structures, formulating context-aware query
suggestions and then weaving suggestions back into the
sensemaking workspace

their improved level of problem comprehension [11, 107]. Further-
more, the creativity, innovation, and knowledge discovery that is
often necessary as part of exploratory searches requires traveling
beyond what is known by the user — exploratory search involves
lateral thinking, and serendipitous connections [10, 38].

Systems such as the Relation Browser [72], Phlat [31] and mSpace
explorer [92] try to support exploratory search by dynamically up-
dating presentation of search results in real-time during the session.
Other systems, such as [51, 64] employ categorization or clustering
of search suggestions and results. To determine how well systems
support exploratory search activities, they must be evaluated in
terms of their ability to facilitate key elements of search explo-
ration such as helping users obtain new insights, assisting learning,
etc. [107]. Therefore, in our evaluation study we not only measure
search activities, but also information gathering, sensemaking and
learning activities. InterWeave aims to build on this prior work by
leveraging search context to support exploratory search, particu-
larly query formulation, learning and understanding.

2.2 Integrating Search and Sensemaking

During the exploratory knowledge discovery process, people are
constantly engaged in sensemaking activities as they move through
the information space. They take notes, gather information, and
create representations to organize information to free their mind
from having to recall everything [65, 73, 102], and from having to
mentally synthesize all the information [46, 57, 60, 70]. This process
of encoding information into external representations to answer
complex, task-specific questions is referred to as sensemaking [89,
90].

Figure 2 (adapted from [82, 83, 89]) illustrates how foraging and
sensemaking activities can be organized and iterated through dur-
ing knowledge work. During the foraging loop, people search for
information by interacting with search results, web-pages and other
information sources. As they process this information read, they
collect and curate relevant and promising information by clipping
and extracting information from web pages. Then, they start orga-
nizing it into structures, haphazardly at first and later systematically
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into a schema. Schema are representations of the knowledge and
understanding gained during the exploration and sensemaking pro-
cess. Schema can be essay outlines, comparative pros and cons lists,
concept maps, etc. The searcher continues the sensemaking process
until they have developed a concrete, well-tested schema. Schema
or sensemaking structures can change slightly to assimilate new
information, or significantly to accommodate new paradigms and
perspectives [80, 90]. As the searcher develops more concrete and
polished schema, they progress to a state where it can be presented
in a narrative that makes sense - for example in an essay or article.

Prior work has focused on designing tools help with quickly
moving information from the information foraging loop to the
sensemaking loop (refer to Figure 2) [81, 82, 89, 90]. For example,
there are several research and industry tools to support active
reading while searching using highlighting and note-taking [30,
87, 88], collecting information by bookmarking and clipping web
content [12, 49]), curating and organizing collected web content
in a way that helps make sense of information [27, 32, 66, 105],
re-finding information or resuming search sessions [39, 75, 104].

However, there has been relatively little work done to support
query formulation and the foraging loop based on the searcher’s
context-rich sensemaking. Recent work has started to explore this
opportunity of leveraging user-generated content and sensemaking
to support search. For example, InkSeine [52], Google Docs and
Microsoft Word allow people to issue words and annotations in
their notes as queries. However, these methods still rely on the
user to identify and articulate their information need as queries,
and do not guide the searcher to further explore their knowledge
gaps. Research systems like CoNotate build on this and offer query
suggestions based on analyzing the searcher’s notes and previous
searches for patterns and gaps in any multi-faceted information
space [77]. Similarly, ForSense suggests parts of web pages to clip
and cluster based on what information the user has previously
clipped and gathered [84]. InterWeave builds on these systems that
leverage not only the content of the user’s sensemaking, but also
embeds contextual suggestions in the user’s evolving schema and
sensemaking knowledge structures.

2.3 Presenting Search Suggestions

Current search engines support query formulation with assistance
such as: Auto-completions to help type queries quicker, People Also
Ask to help clarify the information need, or Related Searches to
help explore related topics [9, 23, 40, 56, 68, 85]. Research systems
designed to support search have also explored different ways of pre-
senting query suggestions. For example, Search Trails visualizes how
previous searchers explore an information space [13, 20, 95, 111].
ScentBar [100] visualizes to what extent valuable information re-
mains to be collected from the search results of individual queries.
SParQS [58] helps searchers understand inter-query relationships
by presenting query suggestions into automatically generated cate-
gories. Topic-Relevance Map [79] visualizes a topical overview of
the search result space as keywords with respect to relevance and
topical similarity. These search tools can be cognitively overwhelm-
ing because they require the searcher to not only articulate their
ill-defined information goals as queries initially, but also reconcile
the two representations or to adopt the representation provided

by the system. Also, they have to constantly switch back and forth
between the suggestions lists and their work to check for updates.

In the related field of software learning, research has shown
that presenting resources, such as relevant software videos [43, 44],
tutorials [44, 48], and discussion fora [74, 110], in context reduces
the need for context switching and supports active learning [41,
48]. Similarly, other systems embed resource suggestions such as
reusable examples [16, 94], executable operations [42] which helps
people more easily integrate these into their tasks. In this paper,
we introduce InterWeave, a system that presents query suggestions
within the searcher’s evolving sensemaking context and structure,
and evaluate whether it makes sense to weave work-aware sug-
gestions into the sensemaking workspace or to present them as a
separated list, as most general-purpose search systems currently
do.

3 INTERWEAVE

InterWeave is a web-browser extension and a wizarded prototype
that presents contextual search suggestions within the user’s evolv-
ing sensemaking representations. In this section, we first describe
the user challenges that inspired our design goals, then we provide
details on the system’s user interface and it’s implementation.

3.1 User Challenges & Design Goals

Inspired by the extensive prior work done by the HCI and IR com-
munities to document the user challenges when searching the web
to address complex, exploratory information goals, we identified
our design goals. These are the user challenges we aimed to address:

e Itis cognitively overwhelming and time consuming to switch
attention back and forth between the search browser
and sensemaking applications - like note-taking tools —
where people collect, annotate, and synthesize information

from multiple queries, sources, and sessions [21, 44, 87, 88].

When exploring a new domain through web search, peo-

ple often struggle to articulate queries because they lack

domain-specific language and well-defined informational

goals. [8, 107]

e When encountered new information during an exploratory
search session, people often struggle to synthesize and
make connections between newly-discovered information
and their existing knowledge about the topic [8, 21, 107]

Based on these user insights from prior work, we present Inter-
Weave’s key goals and design principles:

o Integrated with Sensemaking Workspace: to support
quick connections between newly-discovered information
and their existing knowledge about the topic the suggestions
should be well-integrated and adapt to the users’ sensemak-
ing externalized in their sensemaking workspace. The sys-
tem should present timely and limited options for search
that arrange spatially within notes in their sensemaking
workspace.

e Context-aware: The suggestions should be relevant and
connected to what the searcher currently knows, however,
it should still push them to learn about information that is a
certain extent beyond their current level of knowledge.
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e Discoverable: the searcher’s should be able easily find and
interact with the suggestions

e Easy-to-learn: the user interface should have a smooth
learning curve and build on existing tools they use.

e Domain-general: The suggestions should not be domain-
specific, and adapt to provide contextual guidance regardless
of the searcher’s domain or topic. This system should work
across any topic or domain.

e Natural note-taking: We ensured the interactions within
the sensemaking workspace were based on studies of note-
taking during search. Our note-taking interface was designed
to allow flexible, idiosyncratic note- taking styles since indi-
viduals structure notes very differently [30].

3.2 InterWeave Interface

To investigate how the presentation of search suggestions affects
search, sensemaking, and learning behavior, we wanted to build
a system that just slightly modifies the search and sensemaking
tools that users might already use. Therefore, we designed Inter-
Weave as a Chrome browser extension that is integrated with
with Miro (https://miro.com), a general-purpose digital whiteboard.
Chromium-based browsers (e.g. Google Chrome, Firefox, Microsoft
Edge) make up 80% of the world’s market search browser market
share [4]. Miro is used widely used by 20 million users, and more
than 100,000 enterprise clients [1, 2]

InterWeave shows a digital whiteboard space for notetaking and
sensemaking (Figure 1b) on the right of any Chrome browser on the
left (Figure 1a). Each window defaults to 50% of the user’s screen,
but can be re-positioned and sized as desired. Miro offers the basic
tools for adding and modifying text, images, videos, etc. and users
may use the infinite 2D space to spatially arrange their notes. Users
can take notes either by typing, adding sticky notes or dragging
and dropping in links, images, videos, etc. from the browser. When
users want to explicitly relate two pieces of content, they can draw
a line between them. When they want to form a cluster, they can
use the cluster tool to draw an outline box around the content they
want to cluster. Clusters usually indicate semantic similarity or
conceptual relatedness [7, 30].

Suggestions appear as green search icons within the searcher’s
emerging sensemaking structure. Different types of suggestions
appear (1) on the document title (Figure 1c), (2) around clusters of
similar information (Figure 1d) (3) across clusters (Figure 2e) and (4)
individual units of information on note-cards (Figure 1f). Clicking
on any green search suggestion icon opens a list of suggestions
at that location (Figure 1c). Dark green icons indicate that there
are new query suggestions at that location (Figure 1d, 1f). Light
green indicate that all the query suggestions at that location have
been previously viewed (Figure 1c, 1e). Clicking on a suggestion in
the list at a location issues the suggestion text as a new query and
displays search results in the web browser.

To add additional context cues, the suggestion text is appended
with the text at the corresponding location in the sensemaking struc-
ture. For example, title-level suggestions append the document title
to the suggestion text before issuing it as a query. Similarly, the
cluster-level suggestions add the cluster-title text to the suggestion
text and the cross-cluster-level suggestions append the correspond-
ing clusters’ title texts to the suggestion text when issuing it as
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Figure 3: InterWeave’s system architecture which leverages
NLP algorithms and a wizard to present contextual sugges-
tions within the searcher’s emergent sensemaking represen-
tations.

a query. For the notes-level suggestions, the notes’ content is ap-
pended to the suggestion text when issuing it as a query. However,
if the note on which a suggestion is placed has more then 10 words,
then the document title is appended instead.

3.3 System Architecture

3.3.1 Infer searcher’s current knowledge level. (NLP) First, to im-
plicitly infer the searcher’s current knowledge level, the system’s
NLP algorithm mines the searcher’s sensemaking workspace for
noun-phrases at regular intervals and creates a dictionary called
sensemakingphrases. The system considers these to be a snapshot
of what they have explored so far and found interesting [62].

3.3.2 Generating queries that guide the searcher to new areas of
knowledge. (NLP) To surface additional opportunities for explo-
ration, the system also mines the content of the top 100 Search En-
gine Results Pages (SERPs) of each issued query and websites visited
for noun-phrases from the titles and snippets to create a dictionary
called SERP — phrases. Since the suggestions aim to present oppor-
tunities to expand exploration by suggesting phrases/concepts men-
tioned in the SERPs but missing from the sensemaking workspace,
we calculate the difference between SERP—phrases and sensemaking—
phrases and create a new dictionary called gap — phrases, which is
ordered based on the number of times each phrase occurs in the
SERPs. For every significant change to the notes (>50 characters)
or each new query issued, the system can only present three new
suggestions to avoid overwhelming the searcher with too many
suggestions while still providing proactive guidance. The top three
gap — phrases are chosen to be sent to the wizard as search sugges-
tions.

1. Look at the sensemaking board 2. Choose a suggestion 3. Place the suggestion

on title, note or cluster

Pick a search suggestion from here | wghiabt e o s sugesion . then ik s eiow

Ensure that it doesn’t overlap
with these suggestions
submit

across multiple clusters
ighlght at least two units 1@ lace suggstion across, then dlick subrmic

@ Search Summary Notes Summary

Submit

Figure 4: Wizard’s interface when choosing and placing
search suggestions in the emerging sensemaking structure
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3.3.3  Placing the suggestions with respect to emerging sensemaking
structures. (Wizard-of-Oz) Then, the wizard selects where to place
these suggestions within the searcher’s emerging sensemaking
structure. We decided to use a wizard-of-oz approach to quickly
prototype how the presentation of query suggestions would affect
search, sensemaking and online learning behavior. The wizard
places the suggestion at a particular 2D location in the searcher’s
information hierarchy based on the conceptually similarity to what
is already in the emergent sensemaking structure at a particular
location.

The wizard used the following heuristics for choosing between
four options to place query suggestions::

o The title-level suggestions aim to present opportunities to
expand exploration by suggesting phrases/concepts that are
entirely missing from the notes, and conceptually far from
the phrases mentioned in clusters and note cards, but still
related to the topic. The wizard checks the phrases on the
board at the cluster and note card level to ensure there is
little overlap with themes there before presenting title-level
suggestions. For example, say the board has clusters about

"air pollution", "water pollution", and the wizard sees sug-
gestions such as "heritage conservation", "global warming",
"restaurants", the wizard will present "heritage conservation”
and "restaurants” at the title as these are conceptually far
and missing from the searcher’s notes.

o The cluster-level suggestions aim to present opportunities to
dig deeper into the information mentioned within a cluster
of notes and and other clusters of notes in the sensemak-
ing work-space. The wizard considers conceptual similarity
between the suggestions and the phrases in this particular
cluster to suggest conceptually similar, but missing concepts
from the cluster. Extending the example from above, sup-
pose the cluster is about "air pollution" and wizard sees
suggestions for "heritage conservation", "global warming”,
"restaurants”, then the wizard will suggest "global warming"
on the cluster as this is conceptually similar to "air pollution”
but is not already included in the cluster.

o The cross-cluster suggestions aim to present opportunities to
learn more about the concepts/phrases at the intersection
of more than one cluster. Therefore, if a suggestion is not
mentioned on the board, but is conceptually similar to more
than one cluster, the wizard will choose to present this at
the intersection of the conceptually-similar clusters. Say the
board has clusters about "soil pollution”, "water pollution”,
and the wizard sees suggestions such as "heritage conser-
vation", "global warming" and "farming", the wizard will
present "farming” on a line connecting the "soil pollution"
and "water pollution” clusters as this is conceptually similar
and relevant to both clusters.

o The individual note-level suggestions aim to present oppor-
tunities to dig deeper into the information mentioned on a
particular notes unit. The wizard considers conceptual simi-
larity between suggestions and the phrases on this particular
note-card to suggest similar, but missing concepts on this
card. For example, if the note card is about "ozone spikes"
and the wizard sees suggestions such as "CO2 emissions",

"climate change", "restaurants”, the wizard will suggest "CO2
emissions” on the note-level as that is conceptually similar
to "ozone spikes", but is not mentioned in the note-card.

The system presents a set of suggestions that is mutually exclu-
sive and unique from a general-purpose search engine’s suggestions
(e.g. Google’s suggestions). Before presenting the searcher with the
suggestions, the wizard compares and excludes the general-purpose
search engine’s query suggestions which have been scraped and
presented as a list to the wizard (Figure 4 (top of panel 2)).

For the purpose of this prototype, the wizard determines con-
ceptual similarity by taking into account the following factors: (i)
lexicographic similarity (i.e. overlapping words e.g. "air quality" and
"air pollution"); (ii) semantic similarity (i.e. relationships between
concepts/phrases often calculated using domain-specific ontologies
e.g. "car" is similar to "bus" and related to "road" and "driving"); (iii)
and structural similarity (i.e. words that co-occur in the same part of
the document, e.g. "air pollution” and "tourism" could occur under
the same heading in an article suggesting they are conceptually
related).

The wizard was a member of the research team that spent six
weeks learning and training up on each study topic and gaining
expertise. Also, they had prepared a sheet summarizing their knowl-
edge on each topic to help aid them in placing each suggestion in
real-time. Since the wizard had gained knowledge in each area
and was assisted by NLP algorithms that summarize the searcher’s
activities, it is easier for the wizard, compared to current state-
of-the-art information retrieval and machine learning algorithms,
to determine conceptual similarity of query suggestions in real
time and place the query suggestions within the searcher’s emerg-
ing sense-making structures. The system is mostly automated and
the wizard’s task of placing NLP algorithm generated suggestions
within the sensemaking structure based on conceptual similarity
heuristics is assisted by clear instructions, and information sheets
the wizard created during their six weeks of research to summarize
their knowledge. We discuss the limitations of this approach further
in the §6.2 of the Discussion section.

3.4 Implementation

InterWeave is a chromium-based web browser extension that em-
ploys Google Chrome javascript APIs for the front-end, a Flask
Python framework as a web socket server. In the server, we process
the natural language content from the websites, SERPs and notes
documents using BeautifulSoup4 [3] for parsing, TextBlob [67] for
noun phrase extraction, NLTK [14] and sklearn [78] for k-means
clustering. We bridged the browser to the sensemaking workspace
by developing a Miro web plugin using the Miro REST APIs [6].
The wizard saw, chose and placed suggestions on the users’ boards
also using a separate Miro web plugin.

During the experiment, we logged all interactions with the search
browser and the sensemaking workspace to a Realtime Firebase
database [5]. To ensure privacy during data collection, we automat-
ically anonymized and encrypted all data by creating anonymous
session and Firebase IDs. Please refer to the open-source code in
the supplementary materials or linked here ! for implementation
details.

Uhttps://github.com/creativecolab/IntegratedSearch
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Figure 5: The Baseline Condition lists suggestions outside
the user’s Sensemaking Workspace

4 STUDY: WHERE TO PLACE SUGGESTIONS?

While presenting query suggestions within the searcher’s emerging
sensemaking structure might help searchers quickly explore the
information contextualize the suggestions in their work, make sug-
gestion easier to discover, and reduce the need for context switching
between the browser and their notes to integrate learner knowledge,
these can also be distracting, cognitively overwhelming and con-
fusing. To investigate how the presentation of search suggestions
impacts search, sensemaking and learning behavior, we conducted a
between-subjects experiment. 34 participants were asked to search
the Web, gather, take notes on, and synthesize information on a
given topic. We collected usage logs of each participant’s interac-
tion with the search browser and sensemaking workspace, as well
as self-report data about their perception of the search suggestions’
content and presentation.

4.1 Conditions

Participants were randomly assigned to search and make sense
of a topic using either InterWeave or the baseline system which
lists the same suggestions outside the user’s sensemaking context.
The baseline condition (Figure 5) augments the traditional web
browser interface (a) with (b) a list of contextual search suggestions
and (c) a sensemaking workspace where people can take free-form
notes. This condition tries to simulate the lists in which we see
search suggestions on general-purpose search engines (e.g. Google,
Bing) while controlling for potential effects suggestions’ content,
quantity and timing. This let us distinguish the effect of access to
suggestions per se from the effect of presenting suggestions in a
context-aware manner. To ensure parity across conditions, we only
changed where the search suggestions were presented, and kept all
other system features the same.

This list gets updated based on patterns and gaps in the searcher’s
searches and note-taking. This list does not disappear when the
searcher navigates to a new webpage (unlike the current query
suggestions which are only offered on the search results page). This
list can be minimized by clicking the search icon at the top. When
there are new suggestions the Suggestions list icon glows green. If
a searcher has already seen all the search suggestions in the list, the
green fades away. Clicking on a suggestion issues the suggestion
text with the topic append as a new query and displays the search
results in the Search Interface. Suggestions that have been issued
have a grey background.

Lastly, so as to not bias the wizard, the wizard does not know
whether the searcher is seeing the InterWeave or other experimental
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interface. They only see a mirrored version of the searcher’s board,
with the search suggestions as placed in the InterWeave interface.

4.2 Participants

We recruited 34 participants (21 female, 1 non-binary; average age
23.69) through online advertisements (on Prolific, an online diverse
world-wide participant pool), and e-mails to remotely-enrolled
students at a university. All studies were conducted remotely over
a video conference call because of a pandemic. As incentive for
participating in the 90-minute study, participants received $15 or
equivalent gift card. Our institution’s ethics review board approved
all recruitment materials and entire study procedure.

When asked about their background using search tools, all par-
ticipants reported that they use search engines for look up searches
multiple times a day. 14 of them reported performing exploratory
searches at least once a week, 13 said multiple times a week and
7 said daily. 23 self-reported as proficient in search, 11 as experts.
When asked about their background using sensemaking tools, 22
participants reported taking digital notes multiple times per week,
12 said daily. When asked about how frequently they mind map,
11 said never, 12 said multiple times per week, and 11 said daily.
13 reported being competent at digital note-taking, 12 reported
being proficient and 9 self-reported as experts. When asked about
their experience with research, 10 reported being competent, 12 as
proficient and 12 as experts.

4.3 Task

To help situate their searching and sensemaking [15], participants
were given a prompt:

"Imagine that you are a journalist writing an article
for an online magazine. As part of that process, your
editor asked you to do research for an article on the
following topic:

[One of two search task topics: Environmental Impacts
of COVID-19 OR Future of Space Travel]

Today, your editor would like you to do initial re-
search to get a broad overview of the topic. Your goal
should be to identify as many terms, concepts and
perspectives related to the topic as you can find by
searching and gathering information on the internet.
Use the sensemaking canvas displayed on the right-
window to gain a broad and deep understanding of
the topic”

Participants were randomly assigned to one of these two topics:

(1) Environmental Impacts of COVID-19: The recent pan-
demic has brought about unprecedented changes in our daily
lives, requiring us to adopt habits and measures, such as
wearing surgical masks, that may be new to many. These
new changes have various unintended environmental con-
sequences. At this stage, your editor asked you to collect
information about the environmental impacts of COVID-19
as the first step before writing an article about it.

Future of Space Travel: Several billionaires have dedicated
projects investing in space travel. More specifically, private
companies are emerging as new actors in the future of space
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travel. At this stage, your editor asked you to collect infor-
mation about factors affecting the future of space travel as
the first step before writing an article.

We chose these two task topics as they are relatively large and
complex information spaces and the average person has relatively
limited knowledge coming into the task. This effectively simulated
a work scenario where participants would need to search and take
notes in order to explore and synthesize their topic knowledge.

4.4 Procedure

Participants were randomly assigned to one of the two task topics to
search and make sense of using one of the two interface conditions
(InterWeave or Baseline). Participants answered a pre-task ques-
tionnaire which asked questions about their prior knowledge-level
on the topic, and watched an 10-minute long video that presented
the main features of the system (see Supplementary Videos) before
the task.

Then, participants were asked to search the Web, collect, take
notes on, and synthesize information on their task topic for 45
minutes. During the 45 minutes of using the interface, participants
could use the system to issue queries, view pages, and take notes, as
they naturally would. Next, participants answered a post-task ques-
tionnaire which asked questions about their knowledge-level on the
topic after their search session; and discuss their perception of the
query suggestions’ content, presentation and their interpretation
of how the suggestions were generated.

Lastly, to gain insight into the participant’s thought processes,
participants were asked to perform a retrospective think-aloud
(for a maximum of 10 minutes) as they scrubbed through a screen-
recording of them doing the task. They were prompted to reflect
on how and why they issued each query, added information to the
board, etc. and how the query suggestions and their presentation
affected their process.

4.5 Measures

To observe and analyze the differences in search, sensemaking and
learning patterns across searchers who saw the suggestions placed
within and outside their sensemaking structures, we measure the
following:

4.5.1 Search Behavior Measures. From the search logs we mea-
sured: Number of queries issued; Number of query suggestions
issued; Number of queries typed; Total number of query suggestions
presented to the searchers during the session; Number of webpages
opened.

4.5.2 Sensemaking Behavior Measures. To observe patterns in their
information gathering and sensemaking behavior, we logged in-
teractions with their sensemaking work-space. The sensemaking
measures are based on the Sensemaking Model by Pirolli and Card
(Figure 2, [82]) and prior work [55, 101, 108]. Information gath-
ered is the second step in the model and therefore we measure
the quantity of information gathered (as number of words) in the
sensemaking workspace as a measure of sensemaking [101, 108].
The third and fourth steps in the model are organizing information
and creating schema, respectively. The sensemaking workspace

supported organization and schematization of information by form-
ing clusters, drawing connections between notes or labeling the
cluster titles. Therefore, we measure the number of connections as
Breadth of Sensemaking, and the average number of words within
each cluster as Depth of Sensemaking.

4.5.3 Learning Measures. To measure learning as information gain,
we examine the change in knowledge level between the pre- and
post-surveys:

(i) Change in Self-rated knowledge where the participants were
asked to rate how knowledgeable they were on the topic on a
scale of 1-5, where higher is more knowledgeable, before and after
searching.

(if) Change in number of domain-specific terms listed: We asked
participants to “Please list any terms/concepts/phrases you cur-
rently know about this topic” pre- and post- search task. We cal-
culated learning as the difference between the number of unique
domain-specific terms listed both pre- and post-task by each partici-
pant. Free recall of domain specific terms and our operational defini-
tion of information gain have been used consistently by the search-
as-learning and IR communities to measure learning [86, 101]. To
clean the data of not domain-specific words, a domain expert cu-
rated a standard glossary of terminology based on gathering partic-
ipants’ responses to this pre- and post-task question, and removing
generic terms.

(iii) Change in number of idea units listed: Most prior work in-
volves asking participants to demonstrate what they have learned
by producing a written summary and measuring the change in num-
ber of recalled facts or ideas [86, 101, 108]. We choose not to use a
quiz format to measure learning: during open-ended exploratory
tasks, users traverse and discover information from a much larger
unconstrained space of information on the web. Even a reasonably
long quiz would limit the areas of knowledge that could be tested.
Therefore, we asked participants to “Please summarize what you
know about this topic” both before and after the task. Change in
the number of facts has been used as a learning measure by the
search as learning communities [101], however since participant’s
statements were not always facts but sometimes ideas or opinions,
we calculated learning as the change in the number of unique idea
units written about pre- and post-task by each participant. Two
raters coded the number of idea units in each participants’ short
write-up based on gathering participants’ responses to this question,
and their knowledge (IRR = 0.93 Cohen’s Kappa).

To understand quantitative differences in search, sensemaking
and learning behaviors across the Interface conditions (InterWeave
vs Baseline) and topics (Environmental Impacts of COVID-19 and
Future of Space Travel), we performed two-way ANOVA tests,
followed by post-hoc two-way Tukey’s HSD pairwise test in case
of significance (p < 0.05).

4.5.4  Self-Reported Perceived Value of Suggestions’. To understand
the perceived value of the presentation of query suggestions within
or outside the sensemaking structures, in the post-task survey ques-
tions, we asked participants’ to rate their level of agreement to
the statements about their perceptions of the suggestions’ content,
placement, and their interpretation of how the suggestions were
generated (all statements in section 5.3). Here, participants rated
their level of agreement with each of these statements on a scale of
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Figure 6: Examples of notes taken by InterWeave partici-
pants. Note the suggestions embedded within the partici-
pants’ evolving sensemaking structure as green icons.
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Figure 7: Examples of notes taken by Baseline participants

1-5 where 1=strongly disagree and 5=strongly agree. We also the-
matically analyzed the transcripts of their post-task reflective think-
aloud interviews. Here two researchers identified themes based on
an open coding session of the transcripts in a grounded theory
manner to develop a coding schema. Then, the two researchers
coded all the transcripts closely on the coding schema. There was
an inter-rater reliability of 0.85 Cohen’s Kappa between the two
raters.

5 RESULTS

During the task of searching and taking notes to explore and syn-
thesize knowledge on their assigned topic, participants, on average,
issued 16.3 queries, 10.1 suggestions and typed 9.3 queries, per ses-
sion. They visited 13.6 websites, gathered 280.9 words into their
notes, on average. Figures 6 and 7 show a few example sensemaking
workspaces of InterWeave and Baseline participants, respectively.
When comparing the responses to pre- and post-questionnaires,
participants on average reported an increase in their topic knowl-
edge, learning 5.6 new domain-specific terms/concepts on average.

We found no statistically significant differences between the
task topics and no significant interaction effects between topics and
interface condition used across all search, information gathering,
sensemaking and learning measures. In this section, we report
the findings of the study, beginning with how the presentation
of search suggestions within vs outside the sensemaking context
affects search, and then respectively how it impacted information
gathering, sensemaking and learning behavior.

5.1 InterWeave encourages active searching

InterWeave participants averaged 22.5 queries each, while Baseline
participants averaged significantly fewer queries at 14.8 queries
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Figure 8: InterWeave participants issued significantly more
queries, particularly the suggestions compared to Base-
line participants. However, they typed similar number of
queries.
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Figure 9: InterWeave participants gathered significantly
more information and exhibited broader and deeper sense-
making in their sensemaking workspace, while visiting sim-
ilar number of websites, compared to Baseline participants

(F33=1.79, p=0.04). Of these queries issues, InterWeave partici-
pants issued 12.5 suggestions on average whereas Baseline par-
ticipants issued significantly fewer suggestions i.e. 6.9 (F33=2.65,
p=0.01%). However, there was no significant difference in the num-
ber of queries typed out across Baseline and InterWeave participants
(F33=0.55, p=0.29) (Figure 8).

To observe if there were differences across the type of query
suggestion used in the InterWeave condition, we conducted a chi-
square test ( y?) between the types of query suggestions. Partici-
pants issued notes-level the most (M = 3.2, SD = 3.66), then cluster-
level suggestions (M = 1.8,SD = 0.21), and then cross-cluster
level (M = 1.3,SD = 1.45) and lastly title-Level (M = 1.0,SD =
1.50). Participants issued significantly more note-level suggestions
and cluster-level suggestions than the other types (y?(1,33) =1.42,
p=0.03".

5.2 InterWeave assists sensemaking

There is no significant difference across the number of webpages
opened per query issued across InterWeave and Baseline partici-
pants (F33=-1.39, p=0.09). However, InterWeave participants gath-
ered nearly double the information per query issued (M=405.5, SD
= 388.63 words) compared to Baseline participants (M=219.4, SD =
183.50 words, F33=1.79, p=0.04") (Figure 9). This implies that par-
ticipants got more information out of visiting similar number of
websites.

InterWeave participants exhibited significantly broader sense-
making (M=13.2, SD = 7.49 connections) than Baseline participants
(M=8.5, SD = 7.70 connections, F33=1.80, p=0.04") as they created
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more connections across gathered information (including cluster
titles, cluster groups, connection lines). Similarly, InterWeave partic-
ipants also tended to develop deeper sense by writing more within
each cluster (M=51.3, SD = 42.08 avg. words per cluster) compared
to the Baseline participants (M=27.9, SD = 23.90 avg. words per
cluster, F33=2.33, p=0.01*) (Figure 9).

5.3 InterWeave enhances knowledge gain

InterWeave participants reported a significantly greater increase in
knowledge (M= 1.88, SD=0.83) compared to Baseline participants
(M=1.1,SD = 0.81, F33=2.23, p=0.03*). When analyzing their answers
to their topic knowledge pre and post-task, we found that Inter-
Weave participants discovered significantly more domain-specific
terms (M= 7.0, SD=4.78), compared to Baseline participants (M=4.1,
SD = 3.06, F33=2.45, p=0.02). Similarly, they also discovered signif-
icantly more idea units (M= 4.7, SD=1.55), compared to Baseline
participants (M=2.1, SD = 1.35, F33=2.02, p=0.02") (Figure 10).

5.4 Participants preferred InterWeave’s in
context presentation of suggestions

To understand how searchers perceive the value of query sugges-
tions, we asked participants to rate their level of agreement to the
statements about their perceptions of the suggestions’ placement,
their interpretation of how the suggestions were generated, and
the content of the suggestions (on a scale of 1-5 where I1=strongly
disagree and 5=strongly agree, in the graphs lighter colors indicates
more agreement) in the post-task survey. To check if there were any
statistically significant differences between participants’ perceived
value of Baseline and InterWeave suggestions, we ran Friedman
tests, along with post hoc analysis using a Bonferroni correction
applied on their ratings for each statement.

5.4.1  Placement of suggestions. InterWeave participants agreed sig-
nificantly more to the statements about the presentation of query
suggestions being helpful compared to Baseline participants: "Sug-
gestions were positioned in a manner that was easily discoverable”,
"Placement of suggestions helped me connect new information to gath-
ered information" and "Placement of suggestions helped me discover
information faster” (Figure 11). In the retrospective think-aloud,
InterWeave participants P15 said, "I liked that the suggestions were
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Figure 10: InterWeave participants reported a significantly
greater increase in knowledge, discovered more domain-
specific terms, and idea units compared to Baseline partic-
ipants.
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Figure 11: InterWeave participants agreed significantly
more to the statements about the presentation of query sug-
gestions being helpful compared to Baseline participants

right next to the components that they were building on. That made it
clear what the suggestions were relating to." Similarly, another Inter-
Weave participant P24 said, "I was easily able to see the connections
between my notes and what I searched for."

Meanwhile, many participants in the Baseline condition (nine
out of 17) believed that suggestions could have been more helpful.
Out of these nine, five participants attributed this dissatisfaction
to the placement of the suggestions. Specifically, they thought that
it was difficult to see how suggestions relate to the notes taken
on the board. Baseline participants said: "I wouldn’t say that the
suggestions were very discoverable... Also the fact that it is presented
as a list makes it less interesting in terms of connections... it was not
easy to directly transfer them in my mindmap." (P20) ; "I think it would
be nice to see how certain queries were connected to what I already
had on the Miro board, since there were times where I wondered
whether any of the queries were relevant to what I'm looking at.
Like The Wolf Amendment was suggested to me, but I wasn’t sure
what it related to... I thought it was a cool amendment related to
wolves or something , definitely not space related” (P4) Therefore,
the presentation of suggestions in vs out of context affected the
participants’ perceptions and value of the suggestions.

5.4.2 Interpretation of suggestions. When asked about how they
thought the suggestions were generated, InterWeave participants
seemed to have better transparency around how the suggestions
were being generated (Figure 12). They agreed significantly more to
the statements: "Suggestions seemed to take into account the structure
of my notes" and "Suggestions seemed to be informed by my previous
searches". This implies that they were able to glean the context of
the suggestions and what data was being used to generate these
suggestions based on their interactions with the suggestions in the
sensemaking workspace. In the post-task retrospective think-aloud,
InterWeave participant P24 said, "It was really helpful and grounded
the suggestions in my notes. So I was easily able to see the connections
between my notes and what I searched for." Similarly, 12 out of the 17
InterWeave participants mentioned found the suggestions helpful
and reasoned that the query suggestions were relevant to their
search and sense-making process.

5.4.3 Content of suggestions. When asked about their perceived
values of the suggestions, InterWeave participants agreed signifi-
cantly more to the statements "Suggestions helped me ...": "reflect on
what I had learnt so far", "organize and structure my notes better", and
"discover new connections across gathered information” (Figure 13).
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Figure 12: InterWeave participants felt they had better trans-
parency around how the suggestions were being generated.

There was no significant difference across the interface conditions
for the statements "Suggestions helped me...": "better articulate my in-
formation goals", "ask new questions". Lastly, InterWeave participants
disagreed significantly more to the statement: "Suggestions helped
me narrow my search to retrieve the right quantity of information".
Generally, when we asked participants why they used the query
suggestions, the common answer was that it helped open up new
routes of research and expanded the topic domain. As InterWeave
participant P20 suggested, they often used the query suggestions
when they “get stuck in [their] flow or to search for branches for my
clusters.” InterWeave participant P17 also “thought [the query sug-
gestions] were very useful in expediting the creation of new clusters
and also connecting them.” Other than providing new perspectives
and insight into the topic, two participants specifically mentioned
that InterWeave provided unique queries that the popular search
engine did not. "Very helpful in showing me different avenues to
explore and were different from the google related searches I usually
search." (P30) ; "They suggested topics that Google did not suggest."
(P7) These comments underscore the appeal and potential benefits
of uniquely tailored search suggestions that popular search engines
are not currently sufficiently implementing.

Baseline participants raised several pain points concerning the
query suggestions. There were many instances in which partici-
pants felt that they were too distracting or overwhelming. Some
thought the suggestions were “way too detailed and I did not want
to get that deep” (P6). Others found the suggestions distracting
and irrelevant. For example, P18 mentioned how they “distracted
[their] thought process because then [they] tried to reason how these
suggestions came to be and what connections they had to the topic at
hand.”

On the other hand, although InterWeave participants thought the
query suggestions provided were semantically related to a part of
the user’s sensemaking structure, they were not always aligned with
their thought process which ultimately hindered their workflow.
P28 talks about about the suggestions "were really useful in directing
me to explore different parts of this larger more abstract research
topic...It was really useful to see that they appended parts of my
notes to clarify the query suggestions. Sometimes this was not so
helpful because the terms appended were not relevant to what I was
doing then, but it might be useful as I explore further so I want to
bookmark or save these for later." This indicates that not only do
suggestions need to be presented in context, they also need to be
presented in a timely manner that aligns with the searcher’s train
of thought and workflow.
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Figure 13: Searchers’ level of agreement to these statements
on a scale of 2 (Strongly Agree) to -2 (Strongly Disagree)
for Baseline and InterWeave suggestions. Lighter colors in-
dicate higher level of agreement.

5.5 Wizard’s insights on automating the
process of inferring context and placing
suggestions

Our goal was to evaluate an interaction approach and explore where
to best present suggestions with respect to the user’s sensemaking
and work. To understand this aspect, we employed the wizard-of-oz
prototyping technique [35] to develop and evaluate the InterWeave
interaction techniques. We gained many insights about not only
the effects of presenting suggestions in this manner, but also about
what it would entail to develop such a context-aware system. Based
on discussions with the human wizard who placed the suggestions
withing the user’s evolving sensemaking structures, we learned
that the main challenges were:

(1) Timeliness of suggestions: The wizard reported that it was
at times challenging to prioritize when to provide which sugges-
tions at a particular location. They said "at times it was difficult to
be on the same wavelength with the user”. While proactively placing
suggestions at a location can be beneficial to the user, the challenge
is providing assistance without being too disruptive to the user’s
workflow. To maintain experimental control, the wizard placed the
three suggestions across the board after every major edit or query
issued. However, in a future automated system that builds on this
work, the system might only show suggestions where and when
a user requests it, allowing them to moderate when they request
help and how it affects with their workflow.

(2) Cross-cluster query suggestions: To provide useful cross-
cluster suggestions, an automated system must effectively model
the topic space of each cluster of information [55] and the topic over-
all. The wizard discussed how these suggestions required extensive
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research, preparation, and abstract-level thinking and therefore, hy-
pothesized that for an automated system, this task might be difficult
because it hinges on high-level decision-making.

(3) Assessing usefulness of suggestion: The wizard wondered
if the users were able to understand why a suggestion had been pro-
vided at a particular location. They worried that "a seemingly irrel-
evant query suggestion may disincentivize participants to initiate
the search.” To help assess relevance and usefulness of suggestions
and further integrate the search and sensemaking environments
this future system could allow users to preview the search results
of a suggestion or highlight relevant website clippings from issuing
the suggestion (like [50, 84, 112]).

6 DISCUSSION

Complex, exploratory information work can be slow, tedious and
cognitively demanding. It can be hard to articulate ill-defined in-
formation goals into specific queries, synthesize new information
with prior knowledge, and select optimal exploration strategies
as people might be unaware of better alternatives. Our work in
this paper seeks to reduce the cognitive load through an intelligent
system that symbiotically guides a user towards fulfilling infor-
mation goals during exploratory search and sensemaking. This
paper presents a novel approach, InterWeave, which infers a user’s
information goals from the structure of notes taken and presents
query recommendations weaved into the context of their emergent
sensemaking.

6.1 How can in context placement of search
suggestions affect exploration and
learning?

Our analysis finds that InterWeave participants issued more search
queries, particularly using the suggestions provided compared to
baseline participants (Figure 8). When asked about their perceived
value of these suggestions, InterWeave participants agreed signif-
icantly more to the statements "Suggestions helped me ...": "reflect
on what I had learnt so far", "organize and structure my notes better”,
and "discover new connections across gathered information”; and dis-
agreed significantly more "Suggestions helped me narrow my search
to retrieve the right quantity of information" (Figure 13). Generally,
when we asked participants why they used the query suggestions,
the common answer was that it helped open up new routes of re-
search and expanded the topic domain. InterWeave provided unique
queries that popular search engines usually did not. This highlights
the potential synergy in which an intelligent system, such as In-
terWeave, can help enhance and speed up the user’s search and
sensemaking process.

InterWeave participants issued more suggestions offered at the
individual notes-level and the cluster-level than the cross-cluster
or topic-level suggestions. This might suggest some level of a
Goldilocks effect where people pay attention to suggestions that are
neither too broad and nor too deep. The notes-level and cluster-level
suggestions might broaden their exploration just enough, while still
keeping the exploration focused. This preference for semantically-
and structurally- near suggestions is similar to a phenomenon stud-
ied in creativity research: people are more likely to hit an impasse
when presented with semantically far ideas during brainstorming

[24-26]. As such, presenting query suggestions at the title level
may need more context than those presented at the cluster and
notes level. "Far" recommendations need more context and infor-
mational cues to understand how they relate. Since this type of
suggestion deliberately goes beyond the informational structures
currently present in a user’s notes, it might be less essential for
these suggestions to be placed directly in the notes. It is worthwhile
to investigate ways to make the connections between the queries
and notes more concrete and clear at the title level.

Although InterWeave participants thought the query suggestions
provided were semantically related to a part of their sensemaking
structure, the guidance was not always aligned with their thought
process which some participants found distracting. This concern
was highlighted not only by the participants, but also by the wizard.
Therefore, future work must build on this contextual presentation
of search suggestions to also perhaps match the timeliness in which
the query suggestions are presented at any particular location of
work.

In terms of sensemaking behavior, InterWeave participants gath-
ered significantly more information in their sensemaking workspace,
and demonstrated broader and deeper sensemaking, even with no
significant difference in the number of webpages visited, compared
to baseline participants (Figure 9). This implies that presenting the
suggestions within the evolving sensemaking structure, helps glean
more information from a similar number of webpages. InterWeave
participants might have read more of the websites they opened,
because they were primed to how the suggestion that opened the
website and thus the information on the website was directly con-
nected to their notes. This might be affected by the availability
heuristic, which is a mental shortcut where people often form con-
nections, here of usefulness, between things that co-occur or seen
in the same place together [28, 69, 99]. Previous work has explored
the role of query suggestions in creating information scent (i.e. the
proximal cues from which searchers perceive the value of distal
information sources) [53, 58, 59, 81]. As InterWeave suggestions
present the user with gaps in their knowledge directly next to the
parts of what they already know;, it is creating a more contextualized
trail of information which in turn helps with assessing usefulness
and relevance of suggestions and information found on SERPs and
websites.

Correspondingly, InterWeave participants also reported a signif-
icantly greater gain in knowledge, discovered more domain-specfic
terms and idea units compared to baseline participants (Figure 10).
The enhanced sensemaking and knowledge gain seen in InterWeave
participants might be related to schema theory which states that
explicitly linking new information to the knowledge and schema
that learners already posses can help learners integrate the new
information into their schema [80, 82].

When talking about the perceived values and challenges around
the presentation of suggestions, participants mentioned that they
preferred InterWeave’s in context presentation of suggestions com-
pared to the Baseline’s in terms of its content, placement (Figure
11) and their interpretation of why the suggestion was being pro-
vided. Particularly, InterWeave participants seemed to have better
transparency around how the suggestions were being generated
(Figure 12). As many machine learning papers in the contemporary
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zeitgeist have shown - the explainability and transparency of rec-
ommender systems and algorithms is critical [76, 96]. Presenting
suggestions within the context of the where the suggestion might
be used might help users demystify what signals recommender
system algorithms take in as input, and how they might be being
processed to provide recommendations.

6.2 Limitations and Future Work

As we primarily wanted to study the interaction mechanism of
where do users see query suggestions — in or out of their work
context — we decided to prototype InterWeave and Baseline con-
ditions using a wizard-of-oz prototyping technique that leveraged
natural language processing algorithms to provide real-time, sug-
gestions positioned with respect to the users’ knowledge and work
structures. As there are many individual differences across how
people make sense and work on complex, exploratory information
goals, this prototyping technique enabled us to quickly test and
gain insights about this interaction mechanism without committing
to extensive coding and development. However, the wizard-of-oz
prototyping approach limits the replicability of this system be-
cause it depends on the wizard’s knowledge on a topic. The wizard
in our study spent six weeks researching a topic to gain enough
topic expertise to know whether two terms, concepts or subtopics
were conceptually related or not. To help with reproducibility, we
have linked the sheets they generated to outline their topic knowl-
edge as part of the supplementary materials linked here: 2. Based
on the findings and participant feedback we have summarized in
this paper, future work can translate the InterWeave wizard-of-oz
algorithm based on searcher’s actions, and our operational defi-
nition of conceptual similarity into a completely automated pro-
cess for providing query suggestions. Here, conceptual similarity
can be calculated based on wizard’s heuristics for placing query
suggestions using new state-of-the art complex language models
such as Bidirectional Encoder Representations from Transform-
ers (BERT) [34]), and general-purpose ontologies like ConceptNet
[97] or even leveraging the structure of websites like Wikipedia
(https://en.wikipedia.org).

The current prototype is a Chrome browser extension and Miro
plugin. However, people take notes and make sense of information
across a variety of tools and applications. Now that we have shown
the benefits of presenting query suggestions within work context,
we leave it to future work to integrate these suggestions across
various different note-taking, sensemaking and information work
platforms (e.g. Word documents, Google Docs, emails, etc.).

Self-reported measures of learning are common in the CHIIR
and search as learning community, however, self-report data may
have gaps or inconsistencies with actual observed behavior and
might be affected by cognitive biases such as the Dunning-Kruger
effect [36] where people with limited knowledge or competence
in a given intellectual topic greatly overestimate their own knowl-
edge or competence in that topic relative to objective criteria or
to the performance of their peers or of people in general. To mit-
igate the impact of this measure, we also measured learning by
asking participants to recall terms, concepts and facts, and write a
summary of what they knew about the topic before and after the

Zhttps://tinyurl.com/InterWeaveUIST22
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search task. However, written summary measure can be affected
by memory biases, and co-variates such as the summary length
[108]. To control for these factors, we asked participants to write
no more than 500 words, and to write the summary immediately
after their search session and they could consult their notes taken
in their sensemaking workspace.

Another limitation of the controlled lab study was that we con-
trolled the time of exploratory search and sensemaking to only 45
minutes. However, complex, exploratory information work often
span multiple sessions over multiple days [71, 107]. This controlled
timed experiment might have affected the searcher’s normal search-
ing, sensemaking and learning behavior [61]. It is important to
understand users search and sensemaking practices in the wild and
study how presenting suggestions in vs out of context affects search,
sensemaking and learning behaviors over the longer, natural course
of users’ information workflows. We intend to make all the code
from this project open-source and accessible so that future work
can conduct longitudinal studies in the wild.

The current prototype pushes suggestions proactively to all lo-
cations across the board. While proactively presenting suggestions
can be beneficial, participants also reported being distracted from
their train of thought at times [103, 109]. To prevent this InterWeave
not only needs to be aware of the content and structure of the users’
notes, but also where they are in their overall information forag-
ing and sensemaking workflow. Future work could use additional
signals to better time offering query suggestions during complex,
exploratory information work.

Modern knowledge work is often collaborative, and while col-
laboration has its benefits, effectively coordinating work in a team
can be challenging. Collaborators must spend time dividing and as-
signing search goals and tasks, locating, sharing, and synthesizing
information to create a shared mental model [22, 93]. Challenges
may include repeated work done across collaborators, and confu-
sions about process and results [21, 33, 93]. InterWeave presents
an interesting first step in alleviating some of these challenges
for individual information workers. This highlights an interest-
ing opportunity to build tools to promote collaborative knowledge
discovery and reducing sensemaking coordination costs by rec-
ommending queries based on each collaborator’s prior experience,
searches, contribution to a shared document in future work.

7 CONCLUSION

In this paper, we present a novel interaction mechanism, Inter-
Weave, that leverages patterns and gaps in a searcher’s sensemak-
ing structures to present query recommendations weaved into their
evolving work context. To evaluate how this interaction mecha-
nism affects users’ search, sensemaking and learning activities, we
prototyped this system as a web browser extension using NLP al-
gorithms and wizard-of-oz techniques. A between-subjects user
study (n=34) found that InterWeave’s approach not only promoted
active querying, more information gathering, broader and deeper
sensemaking and discovery of domain-specific terms and concepts,
but also helped participants keep track of suggestions and con-
nect newly discovered information to existing knowledge, when
compared to presenting suggestions as a list separated from the
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sensemaking context. As the information work becomes increas-
ingly complex, the ability to ask questions and explore easily and
naturally is becoming especially important. This work brings us
one step closer to the vision of leveraging people’s natural infor-
mation searching and sensemaking activities as relevant context
for scaffolding knowledge discovery and online learning.
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