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ABSTRACT

1

Information overload is a problem many of us can relate to nowadays. The deluge of user generated content on the Internet, and the
easy accessibility to a vast amount of data compounds the problem
of remembering and retaining information that is consumed. To
make information consumed more memorable, strategies such as
note-taking have been found to be effective by augmenting human
memory under specific conditions. This is based on the rationale
that humans tend to recall information better if they have produced
the information themselves. Previous works in online education
have shown that conversational systems can improve learning effects. Although memorization is an important part of learning, the
effect of conversation on human memorability remains unexplored.
We aim to address this knowledge gap through an experimental
study, by investigating human memorability in a classical information retrieval setup. We explore the impact of note-taking affordances and conversational interfaces on the memorability of
information consumed by users. Our results show that traditional
web search and note-taking have positive effects on knowledge gain,
while the search engine with a conversational interface has the potential to augment long-term memorability. This work highlights
the benefits of using note-taking and conversational interfaces to
aid human memorability. Our findings have important implications
on building information retrieval systems that cater to optimizing
memorability of information consumed.

Information overload is a byproduct of the rapid development of
information technology and the plethora of user generated content.
By issuing a simple search query, an Internet user can access billions of relevant items from a search engine within seconds. The
data deluge and a constant exposure to new information leads to
the problem of remembering and retaining information during informational search sessions. Most popular search engines today
are optimized to serve relevance related needs with respect to user
queries. We believe that an unexplored opportunity lies in how
information can be retrieved and presented to users, with an aim
to improve the memorability of information consumed.
To improve human memorability, researchers in the field of experimental psychology have studied the “generation effect” [26].
By comparing memory for words, experiments revealed that humans could better recall information if they produced it themselves
rather than if they received it. Based on the generation effect, prior
studies have shown that note-taking, a simple way to re-produce
received information, can improve human memorability, particularly for text-based learning and comprehension [7, 27]. However,
the effects of note-taking in a classic information retrieval setup
remain unexplored.
Prior studies in online learning have revealed that conversational
systems can significantly improve learning outcomes [13, 16, 28]. As
the goal of learning is to develop a deep understanding of some information, memorization is an important element [4, 15]. Although
conversation can produce unique context linked with information,
the effect of conversational systems on human memorability needs
further exploration. A recent study has investigated the role of
text-based conversational interfaces in online information finding
tasks [22]. Authors demonstrated that a conversational interface
could better engage online users. However, the question of whether
improved user engagement through conversational interfaces leads
to better memorability of information remains unanswered.
In this paper, we aim to fill this knowledge gap by proposing
novel approaches to improve human memorability during information retrieval. We specifically focus on information retrieval activities carried out through the Web search using desktop browsers.
Through rigorous experiments, we seek to address the following
research questions.
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INTRODUCTION

RQ1: How can human memorability of information consumed
in informational web search sessions be improved?
Inspired by prior work in psychology and HCI, we propose novel
search interfaces which (a) provide the affordance of note-taking
to users, and (b) provide a conversational interface. We propose
methods to quantify knowledge gain and long-term memorability of
information consumed, and investigate the impact of the proposed
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search interfaces on the memorability of information consumed. We
conducted an online user study in a classical information retrieval
setup. Results reveal that traditional Web interfaces with a notetaking affordance can benefit knowledge gain (up to 25% higher
than other interfaces), while conversational interfaces have the
potential to augment long-term memorability (7.5% lower longterm information loss). Our findings suggest that both note-taking
and conversational interfaces are promising tools for augmenting
human memorability in information retrieval.
RQ2: How does note-taking and the use of text-based conversational interfaces affect the search behavior of users?
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‘ReflectiveDiary’, to investigate how self-generated daily summaries
can improve memorability [25]. Predictive methods have also been
proposed to consolidate human memory in the workplace environment [3]. Since memorization is an essential element of the learning
process [4, 15], we also examined relevant literature in online learning. Across multiple studies, conversational systems were found
to be useful in facilitating learning effects [13, 16, 28] and in effectively improving user engagement in information retrieval tasks
[22]. These previous works with regard to aiding memorability or
improving learning effects in information systems are not directly
applicable in the current information retrieval ecosystems. Inspired
by these prior works, we propose novel search interfaces and design
experiments to study human memorability in information retrieval.

We found that users leveraging conversational interfaces input
more queries but opened links less frequently compared to users
leveraging the traditional Web interfaces. In addition, the users
of conversational interfaces tend to type notes themselves, while
the Web users input significantly longer notes by copying content
directly from the search engine result pages.

The goal of this study is to investigate whether note-taking and
conversational interfaces can affect human memorability in informational web search sessions. To this end, we measure long-term
memorability of information consumed by users.

2

3.1

RELATED LITERATURE

Augmenting Human Memory. Different theories for augmenting human memory have been studied in the field of psychology.
The memory consolidation theory proposed by Müller and Pilzecker
explained the processes to make information memory [18, 20]. The
Atkinson-Shiffrin memory model shows that the long-term memory
can be consolidated by repeatedly rehearsing short-term memory
[1]. To study how the ‘remembering information’ relates to one’s
self, previous work has revealed that the memory could be enhanced
if it relates to one’s self-concept or an episode from one’s life [6].
A prior study in experimental psychology has shown evidence of
the existence of the “generation effect” [26]. Authors conducted
experiments at the word-level to show that people could remember
information better if the information was produced by themselves.
A simple and direct application of the generation effect is the use
of note-taking. Previous studies have shown that note-taking can
improve human memorability in different scenarios [7, 10, 19, 27].
Intons-Peterson et al. examined the use of internal and external
memory aids in experiments with 489 undergraduates. It was found
that at least one external aid, i.e. taking notes, can effectively facilitate remembering [14]. Based on the findings of prior works, in this
study we investigate how an external aid such as note-taking can
affect the long-term memorability of users in informational search.
Aiding Memorability in Information Systems. Augmenting
human memory has also been studied from an information systems
standpoint. Many previous studies have used context as a key aspect to improve human memorability [9, 23]. The ‘Remembrance
Agent’ is an automatic system which uses the role of context in
memory to augment human memory, by listing documents related
to the user’s current context [23]. Blanc-Brude et al. have performed
experiments to find the attributes (e.g. file name, time, title, location, size, etc.) that help memorability for a document search tool
[5]. Previous works have also shown that many strategies, such as
time-aware contextualization [8, 29], and optimizing recollection
by generating analogies [24], have a positive effect on human memorability. Furthermore, a recent study built an application named

3

METHOD

Study Design

The taxonomy of human memory, which is rather complicated and
detailed, has been developed for over a hundred years. Human
memory can be classified into two big categories; short-term and
long-term memory. Short-term memory only persists for seconds
or minutes [1, 2, 12], while long-term memory can last for much
longer [1]. In this study, we focus on improving the long-term
memorability of information consumed by users in web search
sessions. According to Ebbinghaus’ curve and recent replication
works [21]: the forgetting curve goes down slowly after 24 hours
(people forget more than 60% within 24 hours, 70% within 2 days,
and 80% within 30 days). It was found that fluctuations might appear
at the 24-hour point. However, after 2 days, the forgetting curve
becomes stable. Therefore, we choose 3-7 days as the time interval
to measure user long-term memorability in this study.
The basic idea of measuring memorability in web information
retrieval is to quantify how much information a user can remember
at the end of an informational search session. Therefore, as shown
in Figure 1, we first assign a topic and an information need to users,
and ask the users to finish a “knowledge calibration” test (pre-task
test) with 10 questions related to the topic. We use 10 topics and
the corresponding questions from a previous work about analyzing
knowledge gain in informational search [11], as listed in Table 1.
Topics are randomly assigned to users. Through the pre-task test
users can better understand different facets of the information need,
and we can calibrate the background knowledge of users.
Next, users are directed to the search session, where they must
spend at least 7 minutes searching about their assigned information
need. As we can see from Figure 1, users are assigned any 1 of 4
different user interfaces. Half of the users use a Web interface to
perform their search sessions, while the rest are assigned a conversational interface. Both Web and conversational interfaces have
two conditions, i.e. with note-taking function enabled or disabled.
In the Web interfaces, users leverage a Web search page that is
similar to typical search engines. In the conversational interfaces,
users are guided by a conversational agent through their session.
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Figure 1: Workflow of our study. The pre-task test, the search session and the post-task test pertain to a single Human Intelligence Task (HIT) published on Amazon MTurk. The long-term memory test is deployed separately in a follow-up HIT.
Table 1: Topics and corresponding information needs (topics are re-used from [11]).
Topic

Information Need

Altitude Sickness
American Revolutionary War
Carpenter Bees
Evolution
NASA Interplanetary Missions
Orcas Island
Sangre de Cristo Mountains
Sun Tzu
Tornado
USS Cole Bombing

The users are required to acquire knowledge about the symptoms, causes and prevention of altitude sickness.
The users are required to acquire knowledge about the ‘American Revolutionary War’.
The users are required to acquire knowledge about the biological species ‘carpenter bees’. How do they look? How do they live?
The users are required to acquire knowledge about the theory of evolution.
The users are required to acquire knowledge about the past, present, and possible future of interplanetary missions that are planned by the NASA.
The users are required to acquire knowledge about the Orcas Island.
The users are required to acquire knowledge about ‘Sangre de Cristo’ mountain range.
The users are required to acquire knowledge about the Chinese author Sun Tzu - about his life, his writings, and his influence to the present day.
The users are required to acquire knowledge about the weather phenomenon that is called ‘tornado’.
The users are required to acquire knowledge about the 2000 terrorist attack that came to be known as the ‘USS Cole bombing’.

After the search session, users need to finish a post-task test. The
questions shown in the post-task test are identical to the questions
in the pre-task test, allowing us to measure user knowledge gain. To
incentivize active search behavior during the search session, users
were informed that an extra reward will be given depending on the
number of correct answers in the post-task test. To elicit honest and
genuine responses, users were also told that their accuracy in the
pre-task test would not affect the reward.
Three days after the search session, we notify all the users who
participated in our study and give them an opportunity to answer
our long-term memory test within the next 4 days in return for an
additional reward of 1 USD. The questions in the long-term memory
test are identical to the pre-task test. By comparing the results of
the post-task test to the long-term memory test, we can measure
how much information users have retained or forgotten over this
long-term period.

3.2

Measuring Memorability

Measuring knowledge gain. Similar to prior work in search as
learning [11, 30], we measure the knowledge gain of users as the
normalized difference in performance of users between the posttask and pre-task knowledge tests.
We use At (t ∈ {pre, post, lonд}) to denote the set of answers
of the test t, and use Ait ∈ At (1 ≤ i ≤ 10) to represent if the i th
question of the test t is correctly answered (Ait = 1) or not (Ait = 0)
by the user. If a user chooses “I DON’T KNOW”, we consider it as
incorrect answer. For instance, if the 5t h question of the pre-task
test is correctly answered by the user, then we assign A5pr e = 1;
if the answer of the 7t h question of the post-task test provided by

the user is incorrect, we assign A7post = 0. Thus, the normalized
knowledge gain can be calculated by using the following equation
(where the max/min(topic score) means the maximum or minimum
score among all the tests sharing the same topic, and the score of a
Í10 i
test t can be calculated by i=1
At ).
i
i=1 Apost

Í10
knowledge gain =

−

i
i=1 Apr e

Í10

max(topic score) − min(topic score)

(1)

Measuring long-term memorability. Similarly, we can also use
information gain to measure the long-term user memorability,
which can be calculated by the following equation.
i
i=1 Alonд

Í10
information gain =

−

i
i=1 Apost

Í10

max(topic score) − min(topic score)

(2)

Long-term memorability can also be measured using information
loss. The information loss after the post-task test can be quantified
by the number of questions which are correctly answered in the
post-task test but incorrectly answered in the long-term memory
test. Thus, it can be calculated by the following equation.
i
i=1 Apost

Í10
information loss =

3.3

−

i
i=1 Alonд

Í10

· Aipost

max(topic score) − min(topic score)

(3)

User Interfaces

Addressing RQ1, we designed Web and conversational interfaces to
support informational search sessions, with an optional note-taking
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functionality. Both the Web and conversational interfaces use the
Bing Search API 1 for sending search query requests and receiving
search results (relevant web pages).
The Web interface is designed according to the typical user interface of popular search engines, as shown in Figure 2 (a). The
Web interface consists of two main components — a textarea for
entering search queries, and a rectangular frame for displaying
search results. During the search session, users need to type search
queries in the textarea at the top of the page. Users can either click
the “SEARCH” button or press the “Enter” key on the keyboard to
issue the search query asking for 10 relevant items (Web pages), and
then the sever will respond with a list of search results. The search
results include 10 items with their titles, links and snippets, which
are shown under the text area, occupying the most part of the Web
interface. Since each query fired only requests for 10 relevant items,
the Web interface only shows 10 search results at a time. Each
item is clickable. To prevent users from jumping to other pages or
applications, once the user clicks an item, an embedded browser
will pop up to show the content of the corresponding item (Web
page). To retrieve more items, users can click the “NEXT PAGE”
button to send a query asking for the next 10 relevant items, or
click the “PREVIOUS PAGE” button to go back.

Figure 2: Web search interfaces with the note-tasking function enabled. The yellow notepad becomes invisible if the
note-taking function is disabled.
Furthermore, as shown in Figure 2 (b), to enable the function of
note-taking, a notepad is embedded on the right side of the Web
interface. The notepad can be enabled or disabled depending on the
experimental condition. On the notepad, we leave a sentence “tasking notes can help you remember things better” to encourage users
to take notes during the search session. All the on-page activities
including querying, browsing (clicking) items, and note-taking are
automatically logged for user behavior analysis.
The conversational interface uses the same search engine as
the Web interface. However, the search workflow is guided by a
text-based conversational agent, as shown in Figure 3. The logic of
the conversational interface for web search is designed as follows:
1) Greetings. The conversational agent opens the conversation with
the user and then asks the user to provide a search query. The conversational agent sends the greetings to initiate the search session.
1 https://www.customsearch.ai/

The conversational
agent sends greetings.
The user sends a
search query.
The conversational
agent returns search
results, which are
equivalent to the Web
interface.

The users chooses a
response,
or types note in the
text area.

Figure 3: Conversational search interface.

- Hey! I’m Andrea. I can retrieve information that you
would like to learn about.
- What do you want to know?
Note that we assign a gender-neutral name (‘Andrea’) to the conversational agent, to avoid potential biases. Andrea is a name commonly used for both males and females around the world.
2) Search. After the user provides the agent with a search query, the
conversational agent uses Bing Search API to retrieve results. To
make the conversational interface comparable to the Web interface,
the agent also shows 10 relevant items at a time. However, on the
conversational interface, all the content is presented within chat
bubbles to replicate typical conversational interfaces [17]. As we
can see from Figure 3, the relevant items are listed horizontally in
a chat bubble, where the user can scroll horizontally to view them.
Also, each item in the chat bubble is clickable and linked to the
embedded Web browser.
3) Response selection. The conversational agent provides the user
with four options after the search results have been displayed. The
four options correspond to taking notes, showing more results,
entering a new query, and showing previous notes, respectively.
However, if the note-taking function is disabled, the agent only
presents two options — showing more results and entering a new
search query. If a user chooses to take notes, the message that
the user sends to the agent will be recorded and integrated with
previous notes (if any) from the user in the search session. If the
user chooses show more results, the next 10 relevant items will
be displayed to the user with a new chat bubble. The functionality is
equivalent to that of the Web interface. The conversational interface
does not provide an option to show previous items, since users can
easily find previous items by viewing the conversation history. If
the user chooses to input a new query, the agent goes back to
step 2 Search to re-start the search process. Finally, all the previous
notes can be shown in a chat bubble if the user chooses to see the
notes by using the show previous notes option.

4 EXPERIMENTS
4.1 Experimental Conditions
In this study, we use two user interfaces (Web and Conversational)
with a note-taking function either enabled or disabled to address
our research questions. This results in four experimental conditions.
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Chat w/ note: the conversational interface with note-taking. In
this experimental condition, users are redirected to a conversational
interface, where the searching process is guided by a conversational
agent — Andrea. In addition, the note-taking function is enabled,
meaning users can take notes by sending messages to Andrea.
Chat w/o note: the conversational interface without note-taking.
In this experimental condition, users are redirected to an ordinary
conversational interface, where the searching process is also guided
by Andrea, but the note-taking function is disabled.
Web w/ note: the Web interface with note-taking. In this experimental condition, users are redirected to a custom Web search
interface to complete the search session. A notepad is visible on the
right side of the Web interface where users can type their notes.
Web w/o note: the Web interface without note-taking. In this experimental condition, users are also redirected to a custom Web
search interface to complete the search session. However, the
notepad is hidden and disabled. This experimental condition represents the most typical search engines nowadays.
Participants in our experimental study were recruited from Amazon Mechanical Turk (AMT). Since popular crowdsourcing platforms generally support custom task design based on HTML, CSS
and Javascript, we design the conversational interface purely based
on HTML/CSS/Javascript. The conversational interface can be directly presented on the default task page of crowdsourcing platforms without any re-directions. The code for our text-based conversational interface along with all the data will be made available
to the community to facilitate further research2 . We published online tasks with the aforementioned four experimental conditions on
AMT. The Human Intelligence Task (HIT) published on AMT only
contained the pre-task test, search session and the post-task test. The
long-term memory test was not included in the HIT batches. We
used the notification function provided by AMT, to send the link of
the long-term memory tests to workers after three days. The Web
page of the long-term memory test was set up on our own server.
We recruited 35 online crowd workers per condition from AMT,
as the users of our search systems. Each worker was assigned a
random topic from Table 1. The experiment was approved by the
ethics committee of our institute, and we did not collect and store
any identifiable data of human subjects.

4.2

Quality Control

The minimum time for each search session was set to 7 minutes
(users were not allowed to proceed to the next stage before 7 mins).
Apart from incentivizing genuine search behavior through attached
rewards for performance in the post-task test, we took additional
measures to ensure reliable behavior. The timer stops if a worker
temporally leaves the page (for instance, switching to other tabs or
programs). Furthermore, we use an embedded browser to enable
workers to open and browse the search results on our own task page,
instead of opening a new tab. Considering the effects of learning
bias, we add an extra Javascript code to record the unique AMT
Worker ID on our server, to prevent a worker from executing our
HIT multiple times. We restricted participation by using the default
qualification type, “Overall HIT approval rate is greater than 95%”
2 https://sites.google.com/view/memorableir
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provided by AMT to further ensure high worker quality. In addition,
we manually inspected users’ answers to exclude any potentially
unreliable users. We exclude users if they:
(1) Enter no queries during the search session;
(2) Always select the same option — either ‘YES’ or ‘NO’ in
pre-/post-task test or long-term memory test.
Due to the criteria we defined, 8 workers were manually excluded
in our experiments.

4.3

Worker Reward

Upon the task completion, we immediately reward each worker
with 2 USD. After three days (72 hours), we bonus workers according to the number of correct answers given in the post-task test (0.01
USD per correct answer). In the notification message corresponding
to the bonus, we requested workers to participate in our long-term
memory test by providing a link to the test page. The Web page of
the long-term memory test is set up on our own server instead of
AMT. We incentivized workers to complete the long-term memory
test with an additional reward of 1 USD on completion. For the next
three days (i.e., until 7 days after their search session), we sent a
notification every 24 hours to those workers who did not finish the
long-term memory test yet.

4.4

Evaluation Metrics

We measure the user knowledge gain, long-term memorability,
search time, and user behavior including number of queries, browsing frequency and the length of notes that users take (where applicable) while completing the HITs.
Knowledge Gain and Long-term Memorability. User knowledge gain is calculated using Equation 1. The long-term memorability is measured using (i) information gain, calculated using
Equation 2, and (ii) information loss, calculated using Equation 3.
Search time. We recorded how long each user spends on the search
session, which is the length of the time period starting from when
the user submits the answers of the pre-task test, until the worker
clicks the “NEXT” button to proceed to the post-task test. The
“NEXT” button becomes visible only after 7 minutes, enforcing
a minimum search time of 420 seconds.
Search Behavior. We also analyze user behavior during the search
sessions to better understand how user behavior relates to the
memorability of information consumed. To this end, we focus on:
1) Number of queries. It represents how many queries a user sends
to search engine through either Web or conversational interfaces;
2) Browsing frequency. This is the frequency of a user opening a
link and using the embedded Web page browser to view the content
of the search results.
3) Length of notes. It represents the number of characters written
in the notes provided by the user.

5

RESULTS

After excluding unreliable workers, the four experimental conditions — Chat w/ note, Chat w/o note, Web w/ note, and Web
w/o note, we are left with 32, 34, 33, and 33 unique valid users
respectively. Furthermore, the four conditions had 14, 11, 15 and 16
users who returned for the long-term memory test respectively.
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Memorability Analysis

Knowledge gain. The Web interface with note-taking can significantly improve the knowledge gain in comparison to the conversational interface conditions, while the conversational interface without
note-taking shows no positive impact on the knowledge gain of users.

Knowledge gain (%)

100
50
0
−50
Chat w/
note

Chat w/o
note

Web w/
note

As shown in Figure 2, the average long-term information gain of
users across all user interfaces is actually higher than the average
knowledge gain observed. This is due to the subset of users who
returned to complete the long-term memory test (these users had
relatively higher knowledge gain scores). We also found that the
long-term information gain is significantly correlated to knowledge
gain according to Pearson correlation coefficient testing (p < 0.05
except Chat w/o note). The distributions of long-term information
gain also follow normal distributions (verified by the Shapiro-Wilk
test for normality). However, we found no significant difference
between long-term information gain across the four interface conditions by independent t-tests. This suggests that the Web interface
and note-taking show no positive effect on long-term memorability,
although they can effectively improve knowledge gain.

Web w/o
note

Long-term information loss (%)

5.1
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Figure 4: Knowledge gain of users across the four interfaces.
Figure 4 presents the knowledge gain of users across the four
interface conditions. The average knowledge gain of users corresponding to the conversational interfaces is 4.4%, while that of the
Web interfaces is 21.5%. Particularly, the knowledge gain of the Web
interface with note-taking function enabled (Web w/ note) is 25%
higher than the conversational interface with note-taking function
disabled. Since the distributions of knowledge gain follow normal
distributions (verified by the Shapiro-Wilk tests for normality), we
use independent t-tests (α = 0.05) to find the significant differences
between user interfaces. We found three pairs having a p-value
less than 0.05 (Chat w/ note vs Web w/ note p=0.030, Chat w/o
note vs Web w/ note p=9.7e-4, and Chat w/o note vs Web w/o note
p=0.031). After Holm-Bonferroni correction, the knowledge gain of
Web w/ note is still significantly higher than Chat w/o note. Results
suggest that note-taking is a useful tool for improving knowledge
gain, aligned with findings from previous studies. However, the
conversational interface revealed no specific advantage over the
traditional web interface in facilitating knowledge gain.

40
20
0
Chat w/
note

Chat w/o
note

Web w/
note

Web w/o
note

Figure 6: A violinplot of long-term memorability (information loss) across the four interfaces.
The long-term information loss was calculated to further analyze long-term memorability. The distributions of information loss
across four interfaces are shown in Figure 3. We found the average
information loss of users corresponding to conversational interfaces is (9.8%), which is 7.5% lower than that of the Web interfaces
(17.3%) with a small p-value (p = 0.06, independent t-tests). Furthermore, the maximum information loss among the 25 users who use
conversational interfaces is 28%, while that of the 31 users using
Web interfaces is 60%. These results indicate that the conversational
interface has the potential to improve user long-term memorability.

5.2

Search Time Analysis

Search Time (in seconds). We found no significant difference in
the average search time of users across the four interface conditions.
1000

50
Search time (s)

Long-term information gain (%)

Long-term Memorability. Results revealed no significant difference across interface conditions with regard to long-term information
gain (computed using information gain). However, conversational
interfaces exhibit the potential to reduce long-term information loss.
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Chat w/o
note

Web w/
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Figure 5: Long-term memorability (using information gain)
across the four interfaces.
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Figure 7: Search time (s) across the four interface conditions.
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We measured the time that the user spends on the search session
for each experimental condition. The average search time across all
user interfaces is 559 seconds. As the distributions of search time
do not follow normal distribution (according to Shapiro-Wilk tests),
we used Mann-Whitney U tests (α = 0.05) to compare the search
time across four user interfaces. Although the average search time
of the user interfaces with note-taking, for both conversational and
Web interface, is slightly higher than the user interfaces without
note-taking, this was not found to be statistically significant.

5.3

Worker Behavior Analysis

The worker behavior during the search session is analyzed using
three measurements, i.e. the number of queries, the browsing frequency, and the length of notes.
Table 2: Mean and standard deviation (µ ± σ ) of the number
of queries, the browsing frequency, and the length of notes
across the four user interface conditions.
Interfaces
Chat w/ note
Chat w/o note
Web w/ note
Web w/o note

Number of queries

Browsing frequency

Length of notes

9.56 ± 5.23
9.71 ± 8.66
3.76 ± 3.16
4.64 ± 5.66

0.47 ± 1.09
0.44 ± 1.01
1.82 ± 2.43
2.09 ± 1.96

348.68 ± 457.15
/
1004.58 ± 1431.63
/

Number of Queries. The users corresponding to conversational interfaces tend to send more queries on average (ask more questions to
the conversational agents), while the users corresponding to the web
interfaces input significantly fewer queries.
In terms of the number of queries, we found that users using
conversational interfaces generally send more queries than the
users who use Web interfaces (2.3 times more queries). We applied
Mann-Whitney U tests (α = 0.05) and Holm-Bonferroni correction
to discover significant differences across conditions with respect
to number of queries fired. Results of significant testing revealed
that note-taking had no impact on the number of queries. However,
the conversational interfaces significantly increase the number of
queries entered by users, compared to the traditional Web interfaces
(Chat w/ note vs Web w/ note p = 3.5e-6; Chat w/ note vs Web w/o
note p = 2.6e-5; Chat w/o note vs Web w/ note p = 1.6e-5; Chat w/o
note vs Web w/o note p = 9.1e-5). Moreover, a manual investigation of the search histories show that users using conversational
interfaces tend to use questions as queries. This suggests that the
users using a conversational interface tend to retrieve information
by frequently posing questions to the agent as expected.
Browsing frequency. Users in the conversational interface conditions tend to retrieve information by viewing snippets rather than by
frequently opening links.
The browsing frequency represents the frequency with which a
user opens the links of search results. We found that note-taking has
no significant impact on the browsing frequency of users according
to Mann-Whitney U tests, while users using Web interfaces depict
a significantly higher frequency of browsing search results (Chat
w/ note vs Web w/ note p = 0.0013; Chat w/ note vs Web w/o note p
= 4.9e-05; Chat w/o note vs Web w/ note p = 9.0e-04; Chat w/o note

vs Web w/o note p = 3.8e-05). Our results suggest that the users
using Web interfaces open the links more frequently, while the
users of conversational interfaces tend to obtain information from
snippets. This behavior of users in conversational interfaces can
potentially be explained by their reluctance to break the coherence
of conversation by opening links.
Length of Notes. The users corresponding to web interfaces input
significantly longer notes by copy-pasting content directly from the
source, while the users in the conversational interface conditions type
shorter notes by themselves.
As for the length of notes, the users in the Web interface conditions input significantly longer notes compared to the users in
the conversational interface conditions (p=0.022, Mann-Whitney
U tests). A manual inspection reveals that users of web interfaces
prefer copying content from the search results and pasting it to the
notepad, while the users of conversational interfaces tended to type
information themselves. Prior work has revealed that generating
information by onself (notes), can aid long-term memorability. The
fact that users in the conversational interface conditions indulged
in generating notes themselves is promising and should be explored
in future work.
Worker Behavior and Long-term Memorability. We investigated the linear relationship between users’ search behavior and
the memorability of the information consumed across the four
interface conditions.
We performed Pearson correlation coefficient testing (α = 0.05)
to find the potential correlation between long-term memorability
and all the worker behavior measurements. Although no statistical
significance was found after Holm-Bonferroni correction, here we
report the pairs whose p-value is less than 0.2. We found that
the information loss has negative correlations with the number
of queries and the length of notes, for users using a conversational
interface with note-taking (R = −0.46, p = 0.10 and R = −0.43, p =
0.13 respectively). This indicates that the greater the number of
queries or the longer notes that a user inputs, the less information
the user tends to forget. As for users using a Web interface with
note-taking, we found the information loss has positive correlations
with the number of queries and the the browsing frequency (R =
0.48, p = 0.07 and R = 0.58, p = 0.02 respectively), indicating that
a higher frequency of querying and browsing can potentially lead
to information loss on a Web interface.
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DISCUSSION

Implications. Our findings in this study reveal that users employing conversational interfaces in informational search sessions exhibit a different search behavior compared to traditional web search:
they rely primarily on text-based conversation, resulting in a significantly higher frequency of issuing queries but significantly lower
frequency of opening SERP (search engine results page) links. This
can potentially explain the relatively lower knowledge gain corresponding to users in the conversational interface conditions, since
these users appear to consume information by means of viewing
titles and snippets rather than opening links and exploring SERPs
in detail. In contrast, our results indicate that note-taking in the
traditional web interface can significantly increase user knowledge
gain. We found that users employing conversational interfaces have
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the potential to better retain information consumed (conversational
interfaces were found to reduce long-term information loss). This is
possibly due to the fact that conversational interfaces can generate
unique context connected to the information during the search
session. Our inspection of users’ notes also corroborate that users
using conversational interfaces tend to generate the information by
themselves rather than copying content from sources (Web users’
preference). These findings suggest that both note-taking and conversational interfaces can be promising tools towards achieving
memorable information retrieval.
Limitations and Future Work. In this work, we found that using
note-taking and conversational interfaces could enhance human
long-term memory, and the users tended to exhibit different subjective perceptions. Therefore, to what extent the note-taking with
different perceptions can improve (or probably reduce) information
retrieval performance needs further exploration.
We found that only around half of the users returned for our
long-term memory test, which is typical of such experiments. Our
results show that the users with a relatively higher post-task test
scores were more willing to return and participate in our longterm memory test. It should be noted that this participation bias
presents a threat to the representativeness of our findings. In our
imminent future research on memorable information retrieval, we
will explore whether a higher user engagement relates to a better
user memorability of information consumed.
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This work presents a first exploration of how human memorability
can be improved in information retrieval. To this end, we proposed
novel search interfaces and quantified long-term memorability. We
designed user interfaces with note-taking affordances and textbased conversational agents for informational search. We found
that traditional Web interfaces and note-taking can improve user
knowledge gain significantly, while conversational interfaces have
the potential to benefit long-term memorability.
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