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ABSTRACT

Active reading strategies—such as content annotations (through
the use of highlighting and note-taking, for example)—have been
shown to yield improvements to a learner’s knowledge and un-
derstanding of the topic being explored. This has been especially
notable in long and complex learning endeavours. With web search
engines nowadays used as the primary gateway for learners (or
users) to find content that helps them realise their learning goals,
they are often poorly equipped with the necessary tools to aid in
sense-making, an important aspect of the Search as Learning (SAL)
process. Within the Information Retrieval (IR) community, research
efforts have explored ways to keep track of users’ search context by
providing a notepad-like interface for the collection of relevant arti-
cles, and aid them during the exploratory search process. However,
these studies did not explicitly measure the effect that such tools
have on knowledge and understanding during a complex, learning-
oriented search task. In this paper, we address this research gap
by carrying out an Interactive IR experiment with highlighting and
note-taking tools built into the search interface. We conducted
a crowdsourced between-subjects study (𝑁 = 115), where par-
ticipants were assigned to one of four conditions: (i) CONTROL (a
standard web search interface); (ii) HIGH (highlighting enabled); (iii)
NOTE (note-taking enabled); and (iv) HIGH+NOTE (both highlighting
and note-taking enabled). We assess participants’ learning with a
recall-oriented vocabulary learning task, and a cognitively more
taxing essay writing task. We find that (i) active reading tools do
not aid in the vocabulary learning task. However, (ii) participants in
HIGH covered 34%more subtopics, and participants in NOTE covered
34% more facts in their essays when compared to CONTROL. Fur-
thermore, (iii) we observed that incorporating active learning tools
significantly changed the search behaviour of participants across a
number of measures. This is the first work that sheds light on the
effect of active reading tools on the SAL process, with important
design implications for learning-oriented search systems.
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1 INTRODUCTION

The process of what is now known as Search as Learning (SAL) [12]
was first formally defined by Marchionini [33] as an iterative pro-
cess where learners purposefully engage with a search engine by
reading, scanning and processing a large number of documents,
with the ultimate goal of gaining knowledge about one specific learn-
ing objective. Learning via exploring, finding, analysing and eval-
uating documents [1, 35] containing information relevant to the
desired learning objective is a time-consuming and cognitively
demanding process. While learners often equate searching for in-
formation with searching the web [8, 37], web search engines are
not equipped with tools to help users during the complex searches
that are necessary in the context of learning [2, 22].

Outside of the web search scenario, active reading strategies
such as annotating content (highlighting, note-taking, etc.) have
been shown to have multiple benefits when engaging in long and
complex learning tasks [40, 56]. These tools enable learners to limit
their working memory load, as well as articulate and reformulate
their thoughts. In turn, this can lead to substantial improvements
in the understanding and retention of knowledge [25, 34]. Active
reading strategies play a number of roles in the text comprehension
process. Highlighting is used for text selection, and note-taking
for organisation. Both have been shown to help with the learning
process—especially in recall oriented tasks, like a fill in the blanks
test [41, 56], or multiple choice questions (MCQ) [4, 50].

Despite the apparent benefits of active reading tools within a
learning context, highlighting and note-taking tools are not found
in contemporary web search engines. Efforts have however been
made to develop information organisational tools. By providing a
note-taking interface, they allowed users to keep track of their
search context, collect relevant articles and improve sense-making
during search [5, 15]. However, none of these works explicitly
measured the effect these tools had on learning. A/B testing was
not conducted either, meaning no comparison of benefits could be
made against a control group.

This paper addresses the aforementioned research gap. More
specifically, in this paper, we explore the impact that active read-
ing tools—integrated into the search interface—have on learning-
oriented search tasks, with respect to behavioural and learning
outcomes. We implemented two active reading widgets—a high-
lighting tool and a note-taking tool—within an experimental search
system. We conducted a between-subjects study (𝑁 = 115) where
participants were assigned to one of four conditions, where the
search interface contained (or lacked) the aforementioned tools:
CONTROL, our control interface; HIGH, with text highlighting; NOTE,
with note-taking; and HIGH+NOTE, including both tools. Participants
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were assigned to one of two search topics, with their learning as-
sessed over two tasks: a recall-oriented vocabulary learning (re-
ceptive) task [36, 44]; and a cognitively demanding essay writing
(critical) task [31, 46]. As such, this user study aims to address the
following two research questions.
RQ1 To what extent do built-in highlighting and note-taking tools

benefit users in learning oriented search tasks when compared
to a conventional web search interface?

RQ2 How does the presence of active reading tools affect the search
behaviour of users in learning oriented search tasks?

Key findings. (i) The integration of active learning tools within
the search interface does not aid in the receptive tasks. (ii) HIGH
participants covered 34%more subtopics and NOTE participants cov-
ered 34%more facts in their essays compared to CONTROL. Providing
both tools does not improve critical learning. (iii) The type of active
learning tools has a significant impact on search behaviour. We
found that participants with access to the tools queried less and
viewed fewer documents. At the same time, HIGH and HIGH+NOTE
participants spent more time reading documents; their NOTE coun-
terparts spent considerable time writing notes.

2 RELATEDWORK

The learning literature suggests that effective utilisation of active
reading strategies (such as text highlighting, writing out keywords,
note-taking and reflecting) helps to improve metacognitive mon-
itoring of the learning process [16, 18, 38, 42, 50]. In turn, active
reading strategies help to improve comprehension. Here, we outline
prior works that have examined active learning strategies (pertain-
ing specifically to text highlighting and note-taking), along with a
wider discussion of recent, associated works in the SAL domain.

Text Highlighting. Important concepts, ideas and information
within a passage of text are often explicitly marked (or highlighted)
by a learner. This is one of the most common ways to self-regulate
learning from text [23, 28, 56]. However, prior works have limi-
tations. They typically examine text highlighting or other active
learning tools on printed text, or a single digital document.

Leutner et al. [27] found that teaching learners to use active
reading strategies like highlighting—together with lessons on self-
regulation—was beneficial for learning. In contrast, Ponce and
Mayer [41] found that providing highlighting functionality over
a single document did improve the memorisation of highlighted
terms, but did not lead to improved essay writing skills for their
participants (when compared to a control condition, where no high-
lighting tool was present). Yue et al. [56] demonstrated that the
highlighting of printed text improved the recall of keywords for a
fill in the blanks task. The participants were able to answer more
questions correctly from texts that they had highlighted when com-
pared against texts without highlighting.

Ben-Yehudah and Eshet-Alkalai [4] compared text highlighting
in both printed and on-screen text, and compared participants’
learning here against a control setup (with no highlighting) for
both mediums. They observed that highlighting helped in text
comprehension (evaluated through aMCQ test), but only for printed
text. The authors reasoned that under their setup, highlighting on
the on-screen platform was not as convenient or natural when
compared to highlighting on printed text. As a result, participants

had to expend greater cognitive loads in the act of highlighting
alone. The increase in cognitive load was therefore likely to harm
the comprehension of the text. The authors also hypothesised that
if highlighting for on-screen text were to become more convenient
and natural for the learner, greater cognitive capabilities would be
available for a deeper understanding and processing of the text. Liu
et al. [30] observed that when used alone, text highlighting may
not be beneficial. Externalising thoughts together with highlighting
can however be effective. We draw on inspiration from these prior
works, and examine the benefits (if any) that text highlighting
provides to learners in a learning-oriented web search task.

Note-Taking. The externalisation of thoughts can be achieved
through careful note-taking as learners read and comprehend infor-
mation presented to them. Through qualitative interviews, Capra
et al. [11] found that users in exploratory search tasks reported
note-taking as one of the most common activities during the search
session. However, the effects of note-taking on knowledge gain or
learning was not explored. Liu et al. [30] observed that for video
learning, users showed higher learning gains (compared to a control
group) using their active reading tool over video transcripts—which
offered text highlighting, note-taking and questioning functional-
ity. Camporro and Marquardt [10] conducted a study to understand
user preferences between paper and on-screen note-taking, where
on-screen notes were written on a tablet device. A majority of par-
ticipants were found to prefer on-screen note-taking, so long as
it did not increase their cognitive load by distracting them from
listening to presentations. In contrast to the works that have con-
sidered note-taking in the context of a single document or video
lecture, we explore in this paper the benefits of note-taking within
learning-oriented search tasks that spans multiple webpages.

Search as Learning. Previous research within the SAL domain
has focused on: (i) understanding user behaviours when under-
taking a learning-oriented search task [9, 17, 24, 29, 32, 36]; (ii)
exploring different types of users and their behaviours (e.g., novices
vs. experts) [6, 17, 39, 44]; and (iii) the optimisation of retrieval
functions for learning [47–49].

Liu and Song [29] observed that learners who adapted their
source selection strategies (e.g., reading encyclopedia documents
fromWikipedia for receptive learning tasks, like vocabulary learning;
or reading Q&A documents from platforms such as Stack Overflow
for critical learning tasks, such as analysing an issue or solving
a problem) showed better learning outcomes when compared to
learners who did not adapt these strategies. Kalyani and Gadiraju
[24] also explored the effects of cognitive complexities for learning
tasks (such as remembering vs. applying knowledge) on search
behaviours, and observed that more cognitively taxing tasks led to
a higher number of interactions with the search interface.

Characteristics of users have also been shown to influence the
amount of learning that takes place during a search session. Gadi-
raju et al. [21] observed that participants with little prior knowledge
achieved higher learning gains than learners with at least some
knowledge a priori. In contrast, O’Brien et al. [39] found no differ-
ence in learning outcomes (measured by essay quality) between
domain experts and non-experts. Liu et al. [31] reported that partici-
pants in their study underwent knowledge changes during different
stages of a search session. However, the changes did not depend
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Figure 1: The SearchX interface as used for this study with annotations—refer to §3.1. This screenshot is an amalgamation of

what would have been seen over all experimental conditions; refer to §4.1 for details.

on their prior knowledge about a topic. More recently, Roy et al.
[44] examined when learning occurs during a search session. They
observed a difference between participants with higher and lower
level prior knowledge levels, with the former showing higher learn-
ing gains towards the end of the search session. In this paper, we are
interested in observing the benefits of active reading tools over two
different learning tasks—a low-level, receptive vocabulary learning
task, and a high-level, critical essay writing task. Since search and
user characteristics have been shown to affect a user’s behaviours
and learning outcomes [21, 24, 29], we explore how the inclusion of
active reading tools affect search and learning behaviours during a
learning-oriented search task.

3 HIGHLIGHTING AND NOTE-TAKING

To carry out our study, we used SearchX [43], a modular open-
source retrieval framework that provides out-of-the-box support
for crowdsourced interactive IR experiments. The standard interface
provides a series of widgets, which, when taken together, comprise
the look and feel of a contemporary web search engine’s Search
Engine Results Page (SERP). Figure 1 shows the interface we used
for our study. Figure 2 shows the two widgets we implemented:
text highlighting and note-taking.1

3.1 SearchX Interface
The SearchX interface comprises of a SERP akin to a contemporary
web search engine. There are additional widgets which are provided
to aid users during the searching and learning process.

1All source code, tasks, and descriptions are available online at
https://github.com/roynirmal/searchx-front-highlighting and
https://github.com/roynirmal/searchx-back-highlighting.

Starting with 1 , users are able to enter and submit queries using
a standard query box. In addition, we also provide Query Autocom-
pletion (QAC) 2 to assist users in formulating their queries. To the
top right of the interface 3 is a clock indicating the elapsed time
that has passed since the search task began, along with a button
To Final Test. This button becomes enabled after 20 minutes
of the search session and when clicked, moves the participant to
the next stage in the experiment. The task description is provided
at 4 to allow participants to re-familiarise themselves with the
task at hand. Results are presented underneath the query box 5 .
Using the conventional and familiar link/URL/snippet layout, up to
15 results are presented. Clicking links (blue denoting unread; pur-
ple denoting previously examined) will open the document viewer
widget, as shown in Figure 2a. In our experiment, pagination is
not included as studies have shown that users often do not move
to the second page of results or beyond [21, 36]. We also include
a widget that lists queries that the participant previously issued
during the session 6 . The widget lists queries in chronological
order, with the most recent query placed at the top. In addition,
we also provide a widget that lists previously made highlights 7 ;
it presents all documents that contain at least one highlight, as
well as the corresponding highlights. Note that if highlighting is
disabled for an experimental condition, this widget will simply list
documents that participants decide to save. That is, participants
will instead save a list of documents that are deemed to be useful
to them in addressing the task. This is achieved by starring a docu-
ment, as shown at 8 . This is in contrast to when highlighting is
present, where participants will curate a list of highlights that are
created over each document examined (here, starring a document is
unavailable). Lastly, we provide note-taking functionality with the
Notepad button 9 —see §3.4.
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Figure 2: Examples of the two new widgets introduced to SearchX for this study. (a) On the left is the document view, complete

with text highlighting capabilities. (b) On the right is the note-taking widget, which is visible when Notepad is clicked. Note

that these features were not available to all participants of the study; refer to §4.1 for more information.

3.2 SearchX Logging
The SearchX system generates fine-grained search logs, allowing
us to capture a number of key behavioural measures.2 The system
also provides a number of quality control features. As an example,
participants who switched out of the search interface more than
three times were automatically disqualified. This was to ensure
that participants did not unduly become distracted or end up us-
ing alternative search engines to complete their task. It was also
employed to ensure that participants would use our system, rather
than simply running down the clock while being engaged with
some other activity on screen.

3.3 Text Highlighting

Encapsulated within the document widget, as shown in Figure 2a, is
the highlighting tool. When presented with a SERP, a participant
identifies a document that they wish to examine in more detail.
By clicking the link associated with the document, the document
widget then appears on top of the SERP, with the title and document
content shown within the popup that appears. Participants may
then begin to highlight portions of text within the document; the
highlighter is enabled by default. The participant clicks and drags
over the text they wish to highlight, and let go of the mouse or
trackpad they are using when they have selected what they wish
to highlight. Highlights are automatically saved by the system and
made available in the 7 Your Highlights widget.

Highlights can also be deleted; this is demonstrated by the small
delete button that appears at the end of the highlight in question,
as shown by a3 in Figure 2a. The highlighting feature can also be
disabled by clicking the button at a1 in Figure 2. The document
widget can be closed by clicking Close Page at a2 , which will
then return the participant to the SERP.

Note that the document widget was specifically created to aid
participants in highlighting text within a document. By extracting
the text from the markup of the page in question, and presenting it
within a plain popup (with black text on white), the complex styling
of contemporary web pages is avoided, making highlighting easier
to achieve and more impactful to the user.

2Logs include the list of snippets shown on screen, any documents that were examined,
dwell times, mouse hovers, etc.

3.4 Note-Taking

In addition to the text highlighting tool, we have also implemented
a note-taking widget, stylised as Notepad. With experimental con-
ditions that permit it, the note-taking widget is available initially
as a non-intrusive ‘tab’-style button, as shown in Figure 2b at b1 .
When the participant clicks on this button, the note-taking wid-
get appears to the right of the viewport, floating above all other
elements of the SERP. This means that the widget is visible in any
state, regardless of whether the document widget is present or not.

Once open, a participant can write whatever notes they wish as
they read through snippets and documents. Text can be copied and
pasted from snippets and documents into the note-taking widget.
It is important to note that the highlighting widget and note-taking
widget are not linked together. It was decided not to do this to grant
the participants freedom in how they took notes (if any), rather
than to introduce restrictions into the note-taking process. All notes
are automatically saved as they are typed, and are present for the
entirety of the task (i.e., they do not pertain to a specific document).

4 USER STUDY DESIGN

In this section we describe our study design, outlining our setup
and experimental conditions.

4.1 Experimental Conditions

To investigate how highlighting and note-taking functionality in-
fluences users during a learning orientated search task, we consider
four experimental conditions:
CONTROL The standard SearchX search interface is provided with-

out highlighting or note-taking capabilities. As outlined in
§3.1, users are able to save documents and 7 becomes the
Saved Documents widget.

NOTE In addition to the Saved Documents widget as for CONTROL,
the note-taking widget is enabled.

HIGH In this condition the highlighting widget is enabled (i.e., 7
as shown in Figure 1).

HIGH+NOTE Both the highlighting and note-taking widgets are en-
abled.

4.2 Procedure

Our study flow is illustrated in Figure 3. It is inspired by recent stud-
ies in the SAL domain [21, 36, 44]. Independent of the experimental
condition, participants were first asked to answer seven questions
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Figure 3: Overview of the study’s workflow.

(designed to prime them towards learning-oriented searches, high-
lighting and note-taking). We asked them to reflect the last time
they made such searches and their opinion regarding the bene-
fits of active reading tools. Next, they completed two vocabulary
knowledge tests, each one covering 10 vocabulary questions on
a particular topic (we also include a third topic as a participant
engagement check, outlined in §4.3). The topic they know the least
about is then chosen as the topic to learn more about during the
search session. We randomly assign each participant to one of our
four experimental conditions. Participants have to stay in the search
phase for at least twenty minutes (hence the timer at 3 in Fig-
ure 1), as this has been shown to be a reasonable time for people to
accrue knowledge [17, 24, 36]. After the minimum search time has
passed, participants can continue to the post-test, which consists
of a vocabulary test on their topic (we ask the same 10 questions as
in the pre-test) as well as an essay writing assignment (with a mini-
mum required length of 100 words). During the post-test phase, the
participants can access their saved documents, highlights and notes
(though editing is now prohibited). Gauging participants’ learning
across receptive and critical learning tasks (§4.3) provides us with a
more comprehensive understanding of how much a participant has
learned about a particular topic than only a recall-oriented vocab-
ulary learning task as conducted in [36, 44]. Lastly, we asked our
participants seven reflective questions to gauge the perceived use-
fulness and ease of using our tools. These questions were restricted
to participants that received one or both of those widgets.

4.3 Topics

In linewith prior studies [31, 46], we construct two learning-oriented
tasks in our experiment: one receptive learning task and one criti-
cal learning task. Receptive learning is defined as understanding,
remembering and reproducing what is taught [26]. Concretely,
we ask participants to provide definitions (if they can) of ten vo-
cabulary terms relevant to the topic at hand. In contrast, critical
learning includes criticising and evaluating ideas from multiple
perspectives [26]. In our study, we ask our participants to analyse
challenges and provide their own view of the topic. Overall, the two
learning tasks encompass the lower level and higher level cognitive
process dimensions of Anderson and Krathwohl’s taxonomy [52].

The two topics we used for this study along with the ten vocab-
ulary terms that participants were asked to define in the pre- and
post-test, and sub-topics corresponding to the topics were chosen
from [14]. They are presented below.3 We also included the topic of
sports, as an engagement check for all participants in the pre-test:
if participants exhibited the same or less prior knowledge on sports
compared to the other two topics, they were rejected. This is in
line with [36, 44] as we expect participants to have reasonably high
knowledge regarding the vocabulary terms for the sports topic.
3Note that these subtopics were used in our manual evaluation of the users’ essay
content, but were not explicitly conveyed to them.

Urban Water Cycle (UWC): Urban landscapes are host to a suite of contami-
nants that impact water quality, where novel contaminants continue to pose
new challenges to monitoring and treatment regimes. In this task, you are
required to search the web and summarise how management of water in the
urban environment can help us in our daily lives. What are the implications of
better management of the urban water cycle on our health and environment?
You are also required to analyse the challenges that remain in this modern
process of the urban water cycle. (Minimum 100 words).
Vocabulary terms: Lesoto Highlands, eutrophication, Endocrine disrupting
compounds, typhoid fever, coagulation, activated carbon filtration, membrane
filtration, cholera, Legionella bacteria, recontamination.
3 subtopics: benefits of water management (WM) on health, benefits of WM
on environment, remaining challenges

Genetically Modified Organisms (GMO): Genetically Modified Organisms
(GMOs) have become controversial as their benefits for both food producers and
consumers are accompanied by potential biomedical risks and environmental
side effects. Imagine in a ‘Biotechnology’ course, you chose the topic of GMOs.
You intend to introduce the benefits of GMOs on modern society to your class.
At the same time, you analyse why GMOS can become a potential risk on
health, the economy, and society at large – and finally give your conclusion
on whether we should progress our research on GMOs and their commercial
use. In order to complete this presentation, you need to search for relevant
information and prepare an essay for yourself. (Minimum 100 words).
Vocabulary terms: transgenic, genomes, selective breeding, microinjection
enzyme, chromosome, plasmid, myxoma, kanamycin, severe combined immun-
odeficiency, Leber’s congenital amaurosis.
5 subtopics: benefits of GMOs, risk on health, risk on environment, risk on
economy, own conclusion

Sports: Imagine you are taking an introductory course on Sports. For your
term paper, you have decided to write about Sports Development and Coaching.
Vocabulary terms: olympics, weight lifting, karate, martial arts, aerobics,
athletes, soccer, baseball, snowboarding, hockey.

4.4 SearchX Setup
Search Results andQAC Suggestions. The search session is facilitated
by the Bing Search API. The Bing Search API was used not only for
the retrieval of search results (up to 15 per query), but also for QAC
suggestions. QAC suggestions were retrieved on a per-keystroke
basis, after at least three characters were present within the query
box. Snippets were used in the search interface as-is from Bing.

Document Prefetching. As shown in Figure 2a, the document wid-
get presents web pages in a heavily altered format. Page-specific
styling is removed to yield the content in black text on a white
background, complete with images associated with the page (but
excluding images within stylesheets, for example). This is done to:
(i) make it easier for participants to highlight text (without com-
plex page layouts); (ii) observe their highlights; and (iii) reduce the
likelihood of distractions. As such, presenting the document in a
timely manner presented a major technical challenge.

To parse content before before being viewed, we prefetched the
documents in the results list returned by the Bing Search API for
each query issued.Web pageswere accessed and crawled, and stored
in a cache. As some pages may have been unavailable (through
server downtime, for example), pre-warming the cache with results
from previously issued queries was undertaken to minimise the
risk of prolonged (5 seconds or more) delays in returning results
to participants. Queries for the same topics were selected from
the study by [14], with the top 50 results saved to the cache. By
completing this step, 60, 000 documents were prefetched.

Removal of Wikipedia(-like) Pages. One identified risk was the in-
clusion of Wikipedia and Wiki-style pages that comprehensively



Table 1: The number of participants exploring each topic in

our study, together with related statistics. Two-way ANOVA

tests revealed no significant differences in average number

of queries between topics (𝑭 (1, 107) = 1.83, 𝒑 = 0.07). ± indi-

cates the standard deviation.

GMO UWC

Overall 71 44

⇒ CONTROL 21 11
⇒ HIGH 19 10
⇒ NOTE 17 12
⇒ HIGH+NOTE 14 11

Average number of queries 4.61(±2.97) 5.51(±2.38)
Median number of queries 4 5

would outline the topics given. By reading a single page, a partic-
ipant could then find acceptable answers for all posed questions;
this would render the need to search and examine additional pages
redundant. As such, a large number of Wikipedia articles (and doc-
uments from known Wikipedia clones) were removed from the
search results, such as the Wikipedia article on GMOs4. We used
a curated list of known Wikipedia clones5, and excluded these do-
mains from the presented results. In all, 72Wikipedia clone domains
were excluded from the presented results.

4.5 Participants

Since insights from crowdsourced experiments are comparable to
lab-based ones [20, 57], we recruited participants for our study using
the crowdsourcing platform Prolific6. The platform has been shown
to be an effective choice for relatively complex and time-consuming
interactive information retrieval experiments [54]. The study was
undertaken over a two day period in the autumn of 2020. To ensure
reliable and high-quality responses, we required our participants
to have: (i) successfully completed 100 prior submissions on the
Prolific platform; (ii) possess an approval rate of 90% or higher;
and (iii) have native proficiency in English. Including the minimum
search time of 20 minutes, the complete study took approximately
forty five minutes to complete. For their time, participants were
compensated at the rate of GBP£7.50 per hour.

We computed the required sample size in a power analysis for a
Between-Subjects ANOVA using the software G*Power [19], result-
ing in the sample size of 120 participants. In all, 131 participants
completed our study; 16 submissions were rejected based on our
quality control criteria.7 This led to the headline figure of 𝑁 = 115.
Of the valid participants, 64 identified as male, and 48 identified as
female—with 3 withholding their gender identity. In terms of age,
participants reported a median age of 33 (youngest 18; oldest 72).
A total of 37 participants reported the highest formal education
level as a high school degree/diploma. 48 reported a Bachelor’s degree,
with 11 possessing aMaster’s degree. The remaining 19 participants
reported other education levels.

4https://en.wikipedia.org/wiki/Genetically_modified_organism
5This curated list is provided by Câmara et al. [14].
6https://www.prolific.co/
7Quality control criteria included counting browser blurring events (discussed in §3.2);
participants should issue at least two queries, view two documents, and finish the
post-test with a reasonable essay (as deemed through a manual evaluation).

Table 1 reports the number of participants per topic, over each
of the four conditions trialled. Of the 115 participants, 71 were
assigned to the GMO topic, with the remaining 44 to the UWC

topic. Remember that topics were assigned to participants based on
their pre-task surveys (participants received the topic they had the
least knowledge about), leading to a skewing towards the GMO

topic. The table also contains basic statistics on the number of
queries issued which is comparable to that reported in previous
studies [24, 36] and shows that participants were fairly active on
our platform; refer to §5 for more information.

4.6 Measuring Learning

Realised Potential Learning (RPL). Our vocabulary learning task
is evaluated via the Vocabulary Knowledge Scale [51] which the
participants use to rate their knowledge in line with prior work [13,
36, 45, 47, 48].

(1) I don’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 ...

Importantly, the self-assessment of (3) or (4) requires participants
to write down a definition of the vocabulary term in their own
words. Having collected the participants’ knowledge ratings, we
compute RPL ∈ [0, 1] for each participant, which denotes what
fraction of knowledge (amongst all knowledge) they could have
gained (i.e., rating all terms with (4)) with respect to what they
actually gained. We follow earlier works and assign a score 𝑠𝑋 (𝑡𝑖 )
(where 𝑋 is either 𝑝𝑟𝑒 or 𝑝𝑜𝑠𝑡 ) of 0 to knowledge levels (1) and (2)
for term 𝑡𝑖 , a score of 1 to knowledge level 3 and a score of 2 to
knowledge level 4. We first compute the Absolute Learning Gain
(ALG) across all 𝑛 vocabulary terms as follows:

𝐴𝐿𝐺 =
1
𝑛

𝑛∑
𝑖=1

𝑚𝑎𝑥 (0, 𝑠𝑝𝑜𝑠𝑡 (𝑡𝑖 ) − 𝑠𝑝𝑟𝑒 (𝑡𝑖 )) . (1)

Note the𝑚𝑎𝑥 () function ensures that knowledge of a vocabulary
term cannot drop. Given the short time-frame (20 minutes) of the
search session, this is a realistic assumption. RPL then normalises
ALG by the maximum possible learning potential:

𝑅𝑃𝐿 =
𝐴𝐿𝐺

1
𝑛

∑𝑛
𝑖=1 2 − 𝑠𝑝𝑟𝑒 (𝑡𝑖 )

. (2)

T-Depth, F-Fact and Readability. For the critical learning task, we
determine participants’ knowledge expressed in their essays by
following the work of Wilson and Wilson [53], who proposed and
compared a number of measures for this very task. Concretely,
we employ F-Fact, which counts the number of individual facts
present in a summary, and T-Depth, which rates to what extent
each subtopic is covered in the summary on a scale of 0 − 3 (from
not covered at all to covered with great focus), as both of these mea-
sures were shown to be good indicators of learning. Both of these
measures require a manual annotation effort. A concrete example
of how we annotated facts and subtopic coverage in participants’
summaries is provided in Table 2. Three annotators split the 115
essays among them. There were 18 essays which were analysed by

https://en.wikipedia.org/wiki/Genetically_modified_organism
https://www.prolific.co/


Table 2: Example annotation of facts and subtopics and the computation of F-Fact and T-Depth. Note that sentences demon-

strating knowledge of the topic are colour coded—each colour pertains to an individual subtopic (see the T-Depth column).

Essay F-Fact T-Depth

GMOs, or GE (genetic engineering) technology provides a number of potential benefits to farmers. 1 Benefits of GMO = 3

GE crops are bred to answer some of the pest, disease, and weed challenges producers, by adding resistance

or other traits to the crops .

5

For instance, some crops have been modified for resistance to particular diseases or pest pressure, while others

are herbicide resistant .

3 Risk on health = 1

The argument is essentially that GE crops allow for more efficient use of land, with greater yields on less acres

(and with higher profit margins) .

4

There has been some controversy from consumers over the safety of eating GE crops, and whether they can

increase levels of food allergies or affect human health .

3 Risk on environment = 2

There is also concern about the modified genes mixing with gene pools in the wild, potentially contaminating

other non-GE seeds or animals .

3

I’m not entirely opposed to GE technology, but I think that it’s a crude tool that largely benefits big agribusiness at the cost

of farmers and consumers.

0 Risks on economy = 1

Additionally, GE creates the potential for insects and weeds to develop resistance to current effective controls ,

which creates a sort of arms race of GE tech to stay ahead of the resistance .

4

(I could go on for literal hours here... but it wouldn’t be based on the research I was doing) 0 Conclusions = 1

Metric Score 23 (3 + 1 + 2 + 1 + 1)/5 = 1.6

all annotators; observing a Pearson correlation of 0.78 (𝑝 = 0.002)
for T-Depth sores, and a correlation of 0.76 (𝑝 = 0.002) for F-Fact
scores which indicates high inter-annotator agreement. Lastly, as
neither of those measures is concerned with the readability of par-
ticipants’ essays, we also computed the Flesch-Kincaid8 readability
scores. A high score indicates that the text is fairly easy to read,
whereas a lower score indicates that the text is fairly complex and
can be best understood by university graduates.

5 RESULTS

First, we need to assess the reliability of the participants self assess-
ment regarding their vocabulary knowledge. We randomly sampled
50 answers for knowledge levels (3) and (4); labelling them as cor-
rect, partially correct9, or incorrect10. We found that for knowledge
level (3), 38% of the answers were correct, 56% were partially correct
and remaining 6% were incorrect. Out of the answers self-assessed
as (4) 72% were correct, 26% were partially correct and remaining
2% were incorrect. Based on these numbers we argue that the self-
assessments of the participants are largely reliable. On average
participants marked 2.2(±1.8) answers as knowledge levels (3) or
(4). This indicates that the participants still needed to learn fair bit
of the topics for our tasks.

We now turn our attention to presenting the results of our study
in line with our research questions. Measures were analysed consid-
ering both the conditions and the topics used; two-way ANOVAs
were conducted using these as factors; main effects were examined
with 𝛼 = 0.05. TukeyHSD pairwise tests were used for post-hoc

8We use textstat for computing the Flesch readability score.
9An example of partially correct answer fromUWC topic: an illness for the vocabulary
term typhoid fever.
10An example of incorrect answer from GMO topic: Relating to plasma for the vocabu-
lary term plasmid.

analysis. Note that ± values in the tables and corresponding narra-
tive both indicate the standard deviation.

5.1 Highlighting, Note-Taking and Learning

Our first research question, RQ1, considers how beneficial the high-
lighting and note-taking widgets are for learning-oriented search
tasks, when compared to a standard web search interface. Table 3
presents an overview of our learning measures (amongst other be-
havioural measures) across our four experimental conditions. We
report the RPL (III), T-Depth essay scores (IV), F-Fact essay scores
(V), and Flesch essay scores (V). We first examine the effects of
highlighting and note-taking on vocabulary learning.

Our analysis shows that mean RPL scores varied between 0.11
(CONTROL) and 0.15 (NOTE), all with similar levels of variance. Indeed,
our ANOVA analysis yielded no significant differences between the
four conditions. The reported mean RPL figures showed that partic-
ipants gained less than 20% of the knowledge that could have been
acquired when considering the results of their receptive learning
surveys. This finding shows that although highlighting tools have
been shown to improve receptive knowledge while learning from a
single document [4, 41, 50, 56], they do not aid receptive learning
to a similar extent in complex search sessions. Further analysis
showed a very small fraction of vocabulary terms that were present
in the recorded text highlights (XVII) or notes (XXI).

T-Depth, F-Fact and Flesch essay scores, that pertain to evalu-
ating critical learning ability, are presented on rows IV, V and VI

respectively in Table 3. Looking first at the T-Depth essay scores,
we see a general trend showing that for conditions where additional
tools were available (HIGH at 1.64 ± 0.59, NOTE at 1.40 ± 0.61, and
HIGH+NOTE at 1.48 ± 0.67), more subtopics were covered by partic-
ipants in sufficient detail than when compared to those assigned
to CONTROL at 1.22 ± 0.43. Post-hoc analysis yielded a significant

https://pypi.org/project/textstat/


Table 3: Mean (± standard deviations) of RPL and search behaviour metrics across all participants in each condition. A dagger

(
†
) denotes two-way ANOVA significance, while

C,H ,N ,B indicate post-hoc significance (TukeyHSD pairwise test, p < 0.05)
over the four conditions CONTROL, HIGH, NOTE and HIGH+NOTE respectively.

Measure CONTROL HIGH NOTE HIGH+NOTE

I. Number of participants 32 29 29 25
II. Search session duration (minutes) 23𝑚40𝑠 (±10𝑚26𝑠) 27𝑚53𝑠 (±9𝑚50𝑠) 20𝑚3𝑠 (±6𝑚46𝑠) 29𝑚17𝑠 (±15𝑚15𝑠)

E
s
s
a
y
S
c
o
r
e
s

III. RPL 0.11(±0.10) 0.14(±0.21) 0.15(±0.15) 0.11(±0.10)
IV. T-Depth scores of essays

† 1.22(±0.43)H 1.64(±0.59)C 1.40(±0.61) 1.48(±0.67)
V. F-Fact scores of essays† 14.56(±10.36)N 16.55(±5.51) 19.59(±8.53)C 15.92(±8.06)
VI. Flesch scores of essays

† 32.19(±39.78) 21.40(±62.71) 15.86(±61.54)B 46.43(±16.75)N
VII. Mean #. of essay terms 181.56(±76.35) 200.83(±85.61) 225.86(±112.53) 193.00(±87.94)

VIII. Number of queries
† 5.81(±3.54)H,B 4.63(±2.68)C 4.93(±2.53) 4.28(±1.74)C

T
i
m
e
s IX. Average time between queries (seconds) 281.95(±271.50) 307.22(±265.15) 254.20(±148.67) 289.49(±206.90)

X. Average time between documents (secs.) 96.60(±49.19) 68.63(±174.82) 121.30(±65.72) 114.25(±174.20)
XI. Average document dwell time (secs.)

† 339.50(±34.74)H,N,B 522.13(±38.86)C,N $166.03 (±26.16)C,H,B 470.64(±50.80)C,N

D
o
c
s
.

XII. Number of unique documents viewed
† 12.16(±5.95)H,N,B 8.07(±3.95)C 8.24(±3.57)C 8.60(±3.50)C

XIII. Number of unique document snippets viewed
† 99.72(±57.34)H,B 72.93(±35.19)C 87.03(±38.37) 71.00(±25.25)C

H
i
g
h
l
i
g
h
t
i
n
g

XIV. Number of highlight additions — 53.53(±38.64) — 50.56(±43.99)
XV. Number of highlight deletions — 7.20(±17.56) — 4.36(±11.25)
XVI. Number of words highlighted per highlight action — 29.48(±17.37) — 30.30(±7.87)
XVII. Fraction of vocabulary terms present in highlights — 0.04(±0.06) — 0.06(±0.08)
XVIII. Fraction of essay terms present in highlights — 0.38(±0.16) — 0.44(±0.21)

N
o
t
e
s

XIX. Percentage of user who took notes — — 86.2% 52%
XX. Number of words in note-pad — — 1014.17(±2475.23) 379.04(±907.39)
XXI. Fraction of vocabulary terms present in notes — — 0.04(±0.09) 0.00(±0.02)
XXII. Fraction of essay terms present in notes

† — — 0.37(±0.25)B 0.20(±0.28)N

P
e
r
c
e
p
t
i
o
n XXIII. Ease of highlighting tool (1 (easy) - 5 (difficult)) — 1.48(±0.91) — 1.88(±1.17)

XXIV. Usefulness of highlighting tool (1 (not useful) - 5 (useful)) — 3.93(±1.33) — 3.80(±1.38)
XXV. Ease of notepad tool (1 (easy) - 5 (difficult)) — — 2.07(±1.28) 2.24(±1.39)
XXVI. Usefulness of notepad tool (1 (not useful) - 5 (useful)) — — 3.76(±1.27) 3.08(±1.55)

difference between the CONTROL and HIGH conditions (𝐹 (3, 107) =
2.72, 𝑝 = 0.04). Significant differences were also found between con-
ditions CONTROL (14.56±10.36) and NOTE (19.59±8.53) when looking
at the F-Fact scores (𝐹 (3, 107) = 2.68, 𝑝 = 0.04). We observed higher
mean F-Fact scores corresponding to HIGH, NOTE, and HIGH+NOTE
when compared to CONTROL (although this difference was not sta-
tistically significant for HIGH and HIGH+NOTE). This suggests that
participants in other conditions discussed a greater number of facts
in their essays when compared to their counterparts in CONTROL.

Turning our attention to the readability of the participant’s es-
says, we observe that the Flesch readability scores (row VI, Table 2)
also offer significant differences between conditions. Essays written
by participants subject to CONTROL on average were easier to read
than HIGH and NOTE. Additionally, essays written with the NOTE con-
dition were significantly more complex to read than those written
by HIGH+NOTE (𝐹 (3, 107) = 2.64, 𝑝 = 0.04). We should also note that
we observed negative Flesch scores for essays of 14 participants
across all conditions. This typically happens when participants do
not write complete sentences (e.g. bullet points) which renders the
pieces of text to be more difficult to read.

From the above, we can see that highlighting and note-taking
functionality aid different aspects of essay writing, with the former
helping with subtopic coverage, and the latter with fact coverage.
However, using both in tandem (HIGH+NOTE) does not lead to any
significant learning outcome improvements compared to CONTROL.
Our results contradict those found by Ponce and Mayer [41], who
did not observe any significant differences in essay quality amongst

participants with and without highlighting capabilities on the sys-
tems they used. However, it is important to note here that in the
aforementioned study the participants had access only to a single
document, and essays were evaluated using different measures (a
presence of nine pre-defined items in the essays).

5.2 Highlighting, Note-Taking and Search

Behaviour of Users

RQ2 considered how active reading tools altered the search behaviour
of participants. For this question, we observe that the participants
having access to one or both active reading tools issued fewer
queries than those in CONTROL, and significantly so for HIGH and
HIGH+NOTE. Previous studies [21, 36, 44, 55] have shown that par-
ticipants issuing more queries observe higher knowledge gains
in the receptive vocabulary learning task. The observations in
our study might explain the lack of significant difference in RPL
scores. However, despite issuing fewer queries (4.63 ± 2.68 vs.
5.81± 3.54, row VIII, Table 3), HIGH participants cover significantly
more subtopics in their essays than their CONTROL counterparts
(𝐹 (3, 107) = 2.68, 𝑝 = 0.04). Looking deeper, we observe that partic-
ipants in HIGH spend significantly more time reading documents
than those in CONTROL (row XI) (𝐹 (3, 107) = 5.63, 𝑝 = 0.001). This
suggests that the highlighting tool facilitates user reflection more
while reading a particular document, thereby internalising con-
cepts more effectively than participants in CONTROL. The higher
document dwell times for HIGH and HIGH+NOTE participants are in
line with findings by Ben-Yehudah and Eshet-Alkalai [4], where



highlighting was shown to increase reading time of documents.
Comparing the highlighting behaviour of the two groups in Fig-
ure 4, we observe a similar trend. Most of the highlighting activities
are performed at the beginning of the search session. Later, high-
lights decrease to below 5 on average. This is coupled with the fact
that fewer participants are involved in highlighting activity.

Document dwell time is however significantly lower for partic-
ipants in NOTE (166.03 ± 26.16 secs.) when compared to all other
conditions (e.g., 522.13± 38.86 secs. for HIGH). Although not signifi-
cant, participants on average in NOTE spent more time on the SERP
between reading two consecutive documents. This together with
the lower number of snippets viewed indicates that participants in
NOTE take notes after reading a particular document. We also ob-
serve that a significantly large portion of essay terms come from the
notes of NOTE participants compared with HIGH+NOTE participants.
This can explain the significantly more complex essays (indicated
by the Flesch scores) written by NOTE participants when compared
to that of their HIGH+NOTE counterparts. NOTE participants also
wrote the longest essays on average—albeit not significantly so.
Moreover, when compared to HIGH+NOTE, NOTE participants took
more notes (row XX, there was no significant difference due to
the high variance). From Figure 4, we see that NOTE participants
take more notes towards the beginning—with HIGH+NOTE towards
the end. For the latter, this also coincides with the time period
where they are highlighting less. Thus, spending time on taking
notes can be a contributing factor for participants acquiring more
knowledge—and consequently using this in their essays.

We also observe that only 52% of the HIGH+NOTE participants en-
gage in note-taking activities, compared to 87% of NOTE participants.
This might indicate that participants in general prefer highlighting
over note-taking given a choice. Our findings collectively suggest
that providing both active reading tools might not be optimal for all
users. Considering rows XXIII - XXVI, we see that on average (al-
beit not significantly), the highlighting and note-taking tools were
considered more useful and easy to use in the standalone interfaces
compared to HIGH+NOTE. Individually, the highlighting tool was
perceived to be easier and more useful than the note-taking tool.

6 CONCLUSIONS AND FUTUREWORK

In this work, we have explored the effect of providing two active
reading tools (highlighting and note-taking) with the goal of bene-
fiting learners in learning-oriented web search tasks. To this end,
we conducted a between-subjects user study, where 𝑁 = 115.

We observed that neither the highlighting nor the note-taking
tool helped participants in the receptive vocabulary learning tasks.
However, participants having access to the highlighting tool only
(HIGH) covered significantly more subtopics (34%) in their critical
task essays compared to the control group (CONTROL). On the other
hand, those with access only to the note-taking tool (NOTE) covered
significantly more facts (34%) in their essays than the control group.
Having access to both tools (HIGH+NOTE) did not lead to any sig-
nificant learning gains in either the receptive or the critical tasks.
Perhaps this is because both tools together add to the cognitive
demand of the participants, which is evident from the fact that 52%
of participants in condition HIGH+NOTE did not use the note-taking
tool. This study therefore adds to a body of literature indicating
that if we want people to perform better, we need to find ways to
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reduce the cognitive load in search interfaces. Our study also shows
that having access to active reading tools significantly changes
user behaviour when considering measures, such as the number of
queries issued, the document dwell time, and the number of docu-
ments viewed. More specifically, we observe that having access to
the highlighting tool leads to participants submitting fewer queries,
and spending more time examining documents.11 On the other
hand, note-taking leads to participants spending less time reading
documents, and taking more notes.

The findings from this study open up a number of possible future
research directions. Extensions to this study could expand the work
on examining how search behaviours can act as proxies for predic-
tive measures of learning during search [6, 7, 17, 31, 44, 53] and to
what extent user characteristics like their pre-knowledge or educa-
tion level influence their highlighting or note-taking strategies and
consequently their learning outcomes. In addition, advances in this
area could lead to the development of an adaptive search system.
More pertinent to this study however is identifying what highlight-
ing and note-taking strategies exist between our participant cohort—
and how these strategies affect learning outcomes. For example, Yue
et al. [56] observed differences in efficiency of highlighting key-
words between heavy and light highlighters on printed text. Would
similar observations hold in a SAL context? Finally, further analysis
of behavioural log data could provide insights into the document
understanding process. For example, would recorded highlights
and notes indicate more relevant/interesting sections of a given
document, and if so, could retrieval algorithms be manipulated to
promote documents that contain these ‘hotspots’? Findings could
also eventually lead to the comparison of manual and automatic
tools for active reading, and automatic thought externalisation.

11These findings are reflected by Search Economic Theory (SET) [3] that indicates with
similar time limits, as the number of queries issued drops, more documents will be
examined (or longer will be spent on them).
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