DiaryHelper: Exploring the Use of an Automatic Contextual
Information Recording Agent for Elicitation Diary Study

Junze Li
junze.li@connect.ust.hk
The Hong Kong University of Science
and Technology
Hong Kong, China

Changyang He
cheai@connect.ust.hk
The Hong Kong University of Science
and Technology
Hong Kong, China

Jiaxiong Hu
hujx@ust.hk
The Hong Kong University of Science
and Technology
Hong Kong, China

Boyang Jia Alon Halevy” Xiaojuan Ma

boyangj@alumni.cmu.edu halevy@amazon.com mxj@cse.ust.hk
Tsinghua University Amazon Web Services The Hong Kong University of Science

Beijing, China Palo Alto, USA and Technology

ABSTRACT

Elicitation diary studies, a type of qualitative, longitudinal research
method, involve participants to self-report aspects of events of in-
terest at their occurrences as memory cues for providing details
and insights during post-study interviews. However, due to time
constraints and lack of motivation, participants’ diary entries may
be vague or incomplete, impairing their later recall. To address this
challenge, we designed an automatic contextual information record-
ing agent, DiaryHelper, based on the theory of episodic memory.
DiaryHelper can predict five dimensions of contextual information
and confirm with participants. We evaluated the use of DiaryHelper
in both the recording period and the elicitation interview through a
within-subject study (N=12) over a period of two weeks. Our results
demonstrated that DiaryHelper can assist participants in capturing
abundant and accurate contextual information without significant
burden, leading to a more detailed recall of recorded events and
providing greater insights.
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1 INTRODUCTION

A diary study is a contextual, longitudinal, qualitative research
method that relies on participants’ self-recorded data to inspect
their behaviors, activities, and experiences over time [4, 48]. Diary
studies are widely used in domains such as health, psychology,
and education because of the rich and detailed data collection they
enable [2, 14, 18, 35, 45, 52, 54]. For Human-Computer Interaction
(HCI) research, diary studies provide an in-depth understanding
of users’ real-world interaction with technology, providing valu-
able insights for design improvements in users’ natural environ-
ments [17, 63]. Diary studies can be divided into two types, namely
feedback studies and elicitation studies [10], based on the data
recording methods. In feedback studies, participants provide in-
formation about all required aspects of an event related to the
study topic immediately by answering a set of pre-defined ques-
tions [17, 25, 62]. Since participants’ responses are structured and
collected promptly and fully after they perceive the events, the
recorded diary entries are not affected by memory decay [47]. How-
ever, replying to a questionnaire may distract participants from
their ongoing tasks, which tends to cause a high dropout rate in
these diary studies [10, 12]. Elicitation studies, on the other hand,
ask participants to only capture some aspects of the events of inter-
est when they happen. The captured information is supplemented
by an elicitation interview that happens after the recording period,
and includes going through their gathered data, recalling the events,
and providing more details and insights relevant to the research
topic. Logging is more unobtrusive and flexible in this type of diary
study, as participants can do it at their discretion, and there is usu-
ally no restriction on the data aspects and formats to record in situ
[20, 56, 63]. The downside of elicitation studies is that participants
may forget some details of the reported events by the time of the
elicitation interview, especially when their recordings are vague or
incomplete [10, 22, 58].

In general, an elicitation study is more suited for research topics
in which the number of events to log can be large because it is
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less burdensome for participants than a feedback study [10, 44].
People can simply log snippets of information about each event
and use them as memory cues in the later interview. They are able
to record data rather conveniently with the help of diverse media
available (e.g., a few words, a photo, a voice message, a vlog etc.)
[5, 10, 39, 42, 55, 56]. The challenge lies in how to enrich such
memory cues with contextual information to foster recall. Prior
studies tried to encourage participants to add some annotations,
such as thoughts or short descriptions of recorded events, for each
dairy entry to jog their episodic memory in the elicitation interview
[10, 22, 55]. However, they found that their participants tended to
leave very few, even zero, annotations [10, 55]. To address this issue,
some researchers developed lifelogging systems or deployed other
devices to automatically collect in situ information, such as GPS
locations or objects photographed for augmenting participants’ self-
reports, which was shown to help them memorize more details of
past events [23, 26, 31]. However, this approach requires additional
efforts of taking or wearing extra devices and thus may not be
feasible for diary studies lasting for a long period of time. It also
limits the scalability of the study due to the cost of devices.

In this paper, we introduce DiaryHelper, a tool that uses genera-
tive Al techniques to enable capturing more details of events with
less burden on participants, resulting in less retrospection bias in
the elicitation interview. DiaryHelper can be integrated into the
diary logging platform and predicts for each recorded event five
dimensions of contextual information that are known to be helpful
for episodic memory [36, 59]: time, location, emotion, people, and
activity. DiaryHelper leverages cloud services to understand the
textual and/or visual contents in a diary post and in particular, uses
a large language model (LLM) to predict the possible labels of the
five dimensions. To mitigate the hallucination problem that is com-
mon to LLMs, we pre-specify the space of possible predicted labels.
Participants can review the memos generated by DiaryHelper at
their convenience and modify the information when necessary.

To evaluate DiaryHelper, this work aims to explore the following
two research questions:

RQ1 In the recording period, can DiaryHelper effectively as-
sist participants in capturing abundant and accurate contextual
information for their recorded diary entries?

RQ2 In the elicitation interview, can study participants recall
more details for each recorded event and provide more insights
based on the memo generated by DiaryHelper?

To answer these questions, we recruited 12 people to join a two-
week diary study. We used Slack as the diary logging platform for
the study, which is accessible on both laptops and smartphones.
Slack supports four recording modalities, text, audio, image, and
video, thereby enabling participants to capture events in different
situations. DiaryHelper was embedded into Slack as a chatbot and
integrated into every private Slack channel created for each par-
ticipant to post data. The study was conducted in a within-subject
manner, in which participants recorded diary entries only by them-
selves for one week and with the assistance of DiaryHelper for
another week. We counterbalanced the order of the two logging
conditions. Through the user study, we found that users generally
considered five dimensions of contextual information generated
by DiaryHelper to be accurate and consistent with in situ infor-
mation. We also found that DiaryHelper decreased the burden of
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diary recording, which promoted participants’ recording willing-
ness. During the elicitation interview, users with the assistance of
DiaryHelper demonstrated improved recall ability regarding the
recorded events, such as elevated recall levels of emotions and ac-
tivities. They provided more detailed retrospective descriptions of
recorded events, which also brought more insights and discussions
regarding the study topic.
The main contributions of this paper are threefold:

e DiaryHelper, an agent to assist participants in recording
contextual information automatically for elicitation diary
studies.

o A study demonstrating the effectiveness of DiaryHelper in
improving participants’ willingness to record with less bur-
den and promoting recall and discussion in elicitation inter-
views.

e Design implications on how to customize DiaryHelper to a
specific diary study topic, and more generally, how to use
generative Al techniques to help us capture more of the
subjective experiences in our lives.

2 LITERATURE REVIEW

In this section, we summarized literature adopting diary study
methods, the challenges and difficulties emerged in conducting
diary studies, and improved diary study methods. Since the recall
process is important in elicitation diary studies, we also surveyed
techniques created for facilitating recall.

2.1 Diary Study Implementations

Brown et al. implemented diary study methods to explore how
people capture information with the emergence of new devices [7].
Carter et al. reported a diary study to discover how people make
transit decisions in their daily lives, where recruited participants
made a phone call when they made a transit decision [10]. Loeffler
conducted a photo elicitation diary study to explore the meanings
and benefits of participating in outdoor activities [38]. Dantec et al.
investigated how technologies affect homeless population through
a photo diary study, and demonstrated the potential of diary study
to collect rich behavioral data [35]. Hong et al. implemented diary
probes to document illness experience of adolescent patients and
their parental caregivers [27]. Overdevest et al. adopted diary study
methods to explore human’s behavior of embodied remembering
[41]. Generally speaking, diary studies are widely used to observe
and investigate human behaviors, and collect abundant longitudi-
nal data of particular user groups. Previous studies also reported
participants’ recording habits. Steves et al. found that most of the
participants recorded authentication related events when they were
not working [53]. Brandt et al. discovered participants’ unwilling-
ness to record while they were mobile or active [5]. Meanwhile,
diary recordings can also affect participants’ behaviors and insights.
Isaacs et al. revealed that the technology mediated recordings and
reflections facilitated participants’ well-being, such as happiness
and satisfaction [28]. Gorm et al. mentioned that the photos taken
during the logging period sparked participants’ insights and reflec-
tions in the interview, and they retrospected their past experiences
when looking at the photos [22].
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2.2 Challenges and Difficulties in Diary Study

Carter et al. discovered that diverse choice for data capture could
lower participants’ recording burden, but some supplementary con-
textual information were useful for participants’ recall and discus-
sion [10]. A research guide proposed by Singh et al. indicated some
unique challenges in diary studies, such as duration, information
collection, and keeping users interested etc.[51]. Parnell et al. con-
ducted a diary study to discover distracted driving behaviors in
vehicles, and they found that some interactions were hard to record
and participants might have recollection bias based on the recorded
data [43]. Gorm et al. reported some recall and memory issues in the
elicitation interview, and suggested that participants could leave
some text along with the photos when reporting the captured data
[22]. During the photo diary study to collect mobility barriers faced
by aged adults, Swallow et al. mentioned that participants might
forget what they had taken and the reasons for taking such photos
[58]. It is a trade-off between the convenience of recording and
the richness of recorded data, so our work aims at balancing these
two aspects to assist participants in both the recording period and
elicitation interview.

2.3 Improved Diary Study Methods

To lower the participants’ recording burden in situ, researchers
proposed methods that involved delayed completion of diary entries
and quick data capture. Brandt et al. let the participants capture
some snippets (bits of text, audio, or photos) and upload them to a
server through mobile phones immediately, then they could access
a website to construct detailed and structured diary entries at a
convenient time [5]. Chong et al. proposed the idea of delayed
reflection for diary studies, in which participants could squeeze a
sensor to capture some cues quickly and reflect on these cues later
[12]. Zhang et al. examined the usefulness of unlock journaling to
support lightweight in situ self-report [68]. However, these methods
may lead to the loss of detailed contextual information related to
the recorded events. Another type of improved methods focused
on the elicitation interview after recording period. House designed
a visualization method to organize photos in different dimensions
to trigger more detailed interviews [63]. Feng et al. designed an
enhanced photo elicitation diary method to aid participants’ recall
and obtain detailed findings [19]. These methods can facilitate
participants’ discussion to provide more insights in the interview,
but the problems and difficulties of diary recording are not mitigated.
Instead, our work focuses on the design of recording rich contextual
information automatically based on the understanding of recorded
data empowered by LLM.

2.4 Techniques for Facilitating Recall

Episodic memory [60] involves storing and retrieving information
about people’s daily experiences. Previous research about episodic
memory provided a theoretical basis to design systems and meth-
ods for facilitating recall [23, 31, 34, 36, 50]. For example, Sellen et
al. used a wearable camera, SenseCam, to capture daily data and
investigated its effect of supporting people’s memory [50]. Lee et al.
investigated how to extract efficient memory cues when using lifel-
ogging techniques for people with episodic memory impairment
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[36]. Kalnikaité et al. focused on the effect of location informa-
tion on people’s memory in lifelogging systems [31]. Gouveia et
al. designed a lifelogging system, Footprint Tracker, to review four
different contextual information as memory cues to facilitate partic-
ipants’ recall and reflection of daily activities [23]. Due to the large
amount of data captured by lifelogging systems, Le et al. studies the
impact of video summarization for recall and how to summarize
videos for memory augmentation [34]. These techniques are mainly
based on the lifelogging devices, which increase the intrusiveness
of study and the difficulty of processing log data. In addition to the
lifelogging systems, some other systems were also constructed to
facilitate people’s memory retrieval. Sas et al. designed AffectCam
system to help participants capture high arousal photos for trig-
gering richer recall [49]. Isaacs et al. showed that the Echo system
can support not only recording the emotion of events but also a re-
flection on past events [28]. In our design, we adopted the effective
memory cues reported in these works as the contextual information
to record, and designed a lightweight approach to diary recording.

3 SYSTEM DESIGN

In this section, we introduce the selection of contextual information
to record based on the episodic memory theory, the implementation
details of DiaryHelper, and the user interface of DiaryHelper.

3.1 Selection of Contextual Information

Episodic memory [60] is a type of long-term memory that includes
the recollection of specific events and personal status, such as time,
location, associated emotions, and people involved. It is vulnerable
to memory decay, and can be affected by various factors such as age,
pressure, and neurological status [47]. In the elicitation interview
of a diary study, participants need to reconstruct their episodic
memories based on their recorded data. As Tulving mentioned, the
cues related to “who, what, where, and when” play a pivotal role for
episodic memory recall [59].

Following the episodic memory theories and existing work about
episodic memory enhancement [23, 26, 30, 34, 36], we selected five
dimensions of contextual information to record in DiaryHelper,
which are time, location, emotion, people, and activity.

3.2 Implementation

DiaryHelper was embedded into the Slack platform!, a widely rec-
ognized workplace messaging application, where each participant
could post recorded diaries in a private channel. Slack is also avail-
able on different devices (e.g., cell phones, desktops, and tablets),
and supports flexible integration of toolkits and apps. Then the
back-end program processed the diary data and predicted the five
dimensions of contextual information. This implementation enables
streamlined diary logging while preserving abundant contextual
information by: conversational interactions through a familiar user
interface, seamless logging with minimal waiting times, and auto-
mated annotations with a diverse range of predictions.

3.2.1 Front-End Integration with Slack. Participants can interact
with DiaryHelper by posting recorded diaries within their private
diary channel, ensuring privacy and confidentiality. DiaryHelper

https://slack.com/
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supports four modalities of recording: text, audio, image and video.
When participants submit a diary entry, DiaryHelper responds with
an acknowledgment message and saves the submitted data into
the database. Then a memo form including contextual information
predicted by DiaryHelper is generated for participants’ checking.
After confirming the content of the memo, DiaryHelper saves the
confirmed memo form in JSON format. All the interactions on the
front-end interface were deployed with Slack API, which is an
efficient method to build integrated applications in Slack.

3.22  Multimodal Data Processing. Participants’ posts are forwarded
to the back-end Python-based program in real-time. We lever-
aged cloud service APIs to process and understand the content
of recorded data. Except the text-based data, we implemented the
following APIs to process images, videos, and audios:

e Image Processing: We employed the Microsoft Azure Com-
puter Vision service to transform images into textual descrip-
tions encompassing categories, brands, descriptions, objects,
and tags detected in the image.

e Video Processing: Google Cloud Video Intelligence service
was utilized for video content analysis, capturing items and
events portrayed in the video clips.

e Audio Processing: Audio clips were converted into text mes-
sages using Google Cloud Speech service.

The criteria of API selection is based on performance and re-
sponse time assessments, which are crucial considerations to ensure
the accuracy of the contextual information and limit the partici-
pants’ waiting time.

3.2.3 Contextual Information Prediction by LLM. We adopted GPT-
3.5 to predict five dimensions of contextual information. The tem-
perature value was set to 0.7 to balance the reliability and creativity
of generated contents [37]. The template of message sent to GPT-3.5
consists of three parts: 1) the basic introduction of the task, 2) the
features extracted by cloud service APIs, 3) the detailed instruction
of prediction.

1) the basic introduction of the task. It indicates the role of
GPT-3.5 as an experienced diary study researcher, and the
purpose of recording contextual information.

2) the content of the recorded diary data. The textual contents
(i.e., text message and transcription of audio clip) are inserted
in the template directly. For visual content (i.e.,, image and
video), we inserted the object tags and descriptions generated
by the APIs introduced in Section 3.2.2 into the template.

3) the instructions for contextual information prediction. The
time information was extract from the metadata of diary
message. To mitigate the hallucination issues of LLMs [29],
we pre-specified the space of possible predicted labels. For
the location information, we instructed GPT-3.5 to predict
from the point of interest location categories in Google Maps.
The emotion tag was selected from “positive”, “neutral” and
“negative”. The considered categories of people were “alone”,
“families”, “friends”, “colleagues” and “acquaintances”. For the
activity descriptions, we limited the length no more than 151
characters to meet the display requirements in Slack.

To improve the stability of the GPT-3.5’s output, we also ex-
plained the output format explicitly and provided some concrete
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examples in the prompt template, which was demonstrated useful in
previous work [8, 46]. We present an exact prompt for image-based
diaries in Appendix A.

3.3 User Interface

The user interface of DiaryHelper is shown in Figure 1. Diary-
Helper was installed in each private channel to collect participants’
recorded diaries and assist them in capturing contextual informa-
tion. The process of recording one diary entry with DiaryHelper
includes following five steps:

@ Participants’ Diary Input: Participants can initiate the di-
ary recording by posting a multimodal message via the bot-
tom input box. They could record events of interest at once
or upload some data captured previously.

@ Immediate Acknowledgment: After receiving a message,
DiaryHelper promptly confirms the message was received
and acknowledges participant’s diary recording. DiaryHelper
then sends a message indicating a memo is generated. Par-
ticipants could click the “Check Memo” button to annotate
contextual information at their convenience.

3 Memo Form: The memo form appears as a pop-out win-
dow in Slack, providing participants with predicted contex-
tual information. The memo form is designed to reduce the
burden of filling out for participants and includes the follow-
ing components:

e Date & Time: Automatically selected based on the meta-
data of the message. Participants can adjust it if necessary.
Location: Three location tags predicted by DiaryHelper ,
listed in order of probability. The first option is selected
by default, but participants can modify and select other
options. An optional text input box is provided for partici-
pants to leave additional location information if necessary.
Emotion: The predicted emotion tag by DiaryHelper is
selected by default, and participants can change it. These
options are exclusive, preventing multiple selections.
People: The predicted category of people involved is se-
lected by default. Participants can delete this option or
add more categories as needed.

Activity: Similar to location and emotion information, the

first option with highest probability is pre-selected. Three

options are provided initially and participants can click

“View More” button to explore more potential activity de-

scriptions. A text input box below allows participants to

leave some additional contextual information if necessary.

@ Review and Confirmation: After checking and editing
the memo form, participants can click the “Submit” button
to keep this memo as the contextual information recorded
for this diary entry.

® Summary: Finally, DiaryHelper confirms the receipt of the
memo and presents the recorded contextual information
in a summary message, which is clear and structured for
participants to review in the elicitation interview.

The memo generated by DiaryHelper provides a flexible and
lightweight way of recording five dimensions of contextual in-
formation for each diary entry. Participants can also append any
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W Memo © x

Hi, here are some notes regards to your captured data. Feel free to

Date &Time
Today ¥ ] August 22nd, 2023 v 9:21AM v
ay: Tuesday
Location (optiona!
Restaurant
Kitchen

Cafeteria

Other Location Information (optional)
Wite somethiny
e Emotion

Negative

People
Friends X

Activity (optiona!

Having a meal with friend

enjoying the food

Cooking or prep:

Additional Notes (option:

Write somethir

Figure 1: The interface of DiaryHelper.

additional contextual information in the thread of each message at
any time.

4 EVALUATION

To explore the effectiveness of DiaryHelper in diary studies, we
conducted a two-week elicitation diary study in a within-subject
manner. In this section, we introduce the details of study procedures
and corresponding measurements.

4.1 Study Procedures

With the approval of our institution’s IRB, we recruited 12 partici-
pants (3 females and 9 males; age range 22-28, M=25.58, S.D.=2.14;
employment status six student, six employee; working mode two
remote, two hybrid, eight onsite; summarized in Table 1) into our di-
ary study through online advertisement and word-of-mouth. None
of the participants suffer from memory impairment issues and they
can communicate in English proficiently. Most participants (8/12)
have used Slack before, and all participants have used similar appli-
cations, e.g. Microsoft Teams, Discord, etc. No participant reported
difficulties when using Slack in the diary recording period.

Our study pipeline is shown in Figure 2. During the onboarding
of the study, we introduced our study purpose and procedures, and
provided a detailed tutorial about using Slack and DiaryHelper to
record diary entries. They were also suggested to annotate some
contextual information to support their later recall in the elicitation
interview. We recommended the five dimensions of contextual in-
formation mentioned in Section 3.1 for them to record. The topic of
diary study we selected is “How do individuals manage their work-
life balance in flexible working mode”. This topic is multifaceted and
therefore participants can easily find events of interest in their daily
lives. However, it requires nuanced and detailed dairy recordings of

Table 1: Demographics of all the participants, including par-
ticipants’ ID, gender, age, their employment status and work-
ing mode.

ID Gender Age Employment Status Working Mode
1 Male 24 Student Remote
2 Male 27 Employee Onsite
3 TFemale 28 Employee Onsite
4 Male 27 Employee Onsite
5 Male 28 Employee Onsite
6 Male 27 Student Onsite
7 Male 22 Student Remote
8 TFemale 22 Student Hybrid
9  Male 27 Student Hybrid
10  Male 26 Employee Onsite
11  Male 23 Student Onsite
12 Female 26 Employee Onsite

seemingly ordinary daily events. Otherwise, participants may strug-
gle to reflect on the study topic and provide more insights during
the elicitation interview. Therefore, the topic is well suited for test-
ing the performance of DiaryHelper. In each elicitation interview,
participants needed to recall each recorded event in the past week
in chronological order by looking at the diary entries, discuss the
relation between the recorded diaries and study topic, and reflect
on the study topic to provide more insights. After experiencing the
system in each week, participants rated a questionnaire at the end
of the elicitation interview (to be detailed in Section 4.2). In the
final user experience interview, we asked open-ended questions
about participants’ recording habits we observed and the difference
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Questionnaire
Rating

Week 1
Recording Period

Onboarding Recall Discussion

G1: Baseline
G2: DiaryHelper

1st Elicitation
Interview

Recording Period

G1: DiaryHelper
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Questionnaire
Rating

User Experience
Interview

Week 2 Recall Discussion

2nd Elicitation

G2: Baseline Interview

Figure 2: The general pipeline of our study (participant group 1/2 are denoted as G1/2).

in user experience between these two systems, such as recording
burden, recording willingness, and assistance for recall. All the
interview sessions were conducted remotely and video recorded.
The video recordings were transcribed for further analysis.

We considered the original Slack platform without DiaryHelper
installed as the Baseline system. Half of the participants (G1: P1-P6)
recorded diaries using the Baseline system for one week followed
by the first elicitation interview, then recorded diaries using Di-
aryHelper for another week followed by the second elicitation
interview. To counterbalance the experiment, the other half of
the participants (G2: P7-P12) followed the same procedure, but
in the opposite order (using DiaryHelper in the first week). The
two groups of participants were counterbalanced randomly and
there was no stratification. Both groups included participants with
different gender, employment status and working mode.

4.2 Measurements

We mainly assessed the systems in three dimensions: system use-
fulness for diary recording, system usefulness for elicitation in-
terview, and system usability. The design of questionnaire and
semi-structured user experience interview were based on these
assessments.

System Usefulness for Diary Recording. Apart from the
statistical results of recorded diary data, we also asked participants
about three aspects of the questionnaire: 1) whether they would
like to record diaries frequently (frequency); 2) whether they would
like to record diaries immediately when some events of interest
happened (timeliness); 3) whether they would like to record diaries
in different modalities (modality).

System Usefulness for Elicitation Interview. The purpose of
diary studies is not only collecting longitudinal behavior data, but
also providing insights on the study topic. Therefore, we evaluate
the participants’ performance during the interview in three levels:
1) the recollection of recorded diaries (recall); 2) the description of
the relation between recorded diaries and study topic (relation); 3)
the reflection on the study topic (reflection).

Referring to the existing work about measuring the quality of re-
call [34, 49], we determined a criteria to score the participants’ recall
in five dimensions: time, location, people, emotion and activity.

We transcribed all the interview audio files and filtered out the
contents regarding the recollections of past events. Then we ran-
domly sampled 50 recollections. After initial discussion about the

criteria, two authors scored these sampled recollections indepen-
dently in the scale of 0, 1 and 2. The agreement ratio of these two
authors’ score in all five dimensions were higher than 0.9, which
indicated a high consistency. After discussing and fixing all the
disagreements, the criteria to evaluate recall was finalized:

e Time: 0 (not mention or unable to remember), 1 (mention
some incomplete descriptions, such as one day, morning, or
afternoon), 2 (remember a clear time point).

e Location: 0 (not mention or unable to remember), 1 (men-
tion some unclear locations, such as outdoors, or a city), 2
(mention some specific locations, such as home, office, or
meeting room).

e People: 0 (not mention and impossible to infer people in-
volved), 1 (mention some unclear people information), 2
(mention some people clearly, such as parents, girlfriend, or
myself).

e Emotion: 0 (not mention at all), 1 (mention a general feeling),
2 (describe the reasons and thoughts related to the emotion
mentioned).

o Activity: 0 (unable to remember), 1 (mention what happened
without details), 2 (detailed description of what happened).

Finally, they scored the remaining recollections under this crite-
ria, and resolved all the disagreements further.

System Usability. There is always a trade-off between func-
tionality and usability in systems [21]. We referred to the standard
System Usability Scale (SUS) tool to assess the system usability in
two aspects [6]: 1) easy to learn; 2) easy to use.

The above mentioned measurements were designed for both the
Baseline system and DiaryHelper . Meanwhile, there were also ad-
ditional three questions about DiaryHelper. Specifically, 1) whether
they were satisfied with DiaryHelper’s prediction (satisfaction); 2)
whether they checked DiaryHelper’s prediction carefully (careful-
ness); 3) whether they had privacy concerns (privacy concern).

All questions in the questionnaire were measured with a 5-
point Likert scale, with 1 being the most negative impression (e.g.,
strongly disagree) and 5 being the most positive impression (e.g.,
strongly agree).

5 RESULTS

We represented some samples of the recorded diaries in different
modalities in Figure 3. In the following sections, we analyzed par-
ticipants’ recording behaviors, interactions with DiaryHelper, and
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contents provided in the elicitation interview based on the mea-
surements described in Section 4.2.

()

“Just received the o
message from the new
project group! A little
bit  nervous  but
excited.”

“I met my high school
classmates who are now in
the xxx University and xxx
University. They talked a lot
of things about their recent
research work. We enjoyed
delicious  food  together.
‘What a nice day!”

“Friday night, I came
back to my parents'
place. Today, my dad
and I cook for lunch, I
will cook for dinner,
and I have just been
the hairdresser and cut
my mom's hair.”

Figure 3: Samples of recorded diaries in different modalities.

5.1 Recording Habits

Towards the collected diaries in the recording period, we investi-
gated participants’ choice of modality to record diaries and their
recording timing during the day respectively. We also measured
the amount of contextual information contained in the recorded di-
ary entries. Based on the comparison between the Baseline system
and DiaryHelper, we found that DiaryHelper increased partici-
pants’ willingness to take photos as diaries and revealed empathy,
especially during the recording of negative emotions.

5.1.1 Choice of Modality. In the recording period, 12 participants
recorded 105 diary entries (Mean=8.75, S.D.=4.38) during the week
using the Baseline system, and recorded 104 diary entries (Mean==8.67,
S.D.=5.89) during the week using DiaryHelper. They recorded diary
entries in different modalities based on their personal preference
or the surroundings. The number of captured diaries with different
modalities using the Baseline system and DiaryHelper are shown
in Table 2. The recorded diary including both the text and image
was considered as a recording of hybrid modality.

Text and Image Generally speaking, we observed that text
was the most often adopted modality, and image was also widely
considered. Some participants thought that typing a piece of text
is efficient to express themselves, and convenient for editing. For
example, P12 mentioned that “It is a natural way to record something
by text and language. There is some room for thought when writing
it out. Even if you made a typo, or suddenly don’t want to continue
editing the current sentence, you can delete it at any time before
sending it out”. Participants’ choice of modality also depended on
their emotion and the type of the recorded events. For instance, P6
said that “T usually feel that when my pressure is low, I subconsciously
like to use photos to record. But when I feel that I am more annoyed
and busy, I usually use text to record”. And P7 mentioned that “When
I record some events in my spare time, I might prefer using photos,
but when it comes to work, there are more text”.

Audio and Video We found that participants were not used to
record audios and videos during the recording period as shown in
Table 2. However, P11 recorded 3 audio clips when using Diary-
Helper. P11 said that “The main reason for recording audio is because
it’s not easy for me to type when I'm walking or taking the subway, so
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I just speak and then DiaryHelper could help me enrich the description
of the event”. P1 and P6 recorded 2 short video clips (lasting 10 sec-
onds and 5 seconds respectively). Participants indicated that taking
photos is enough for them to record an event clearly comparing to
recording videos.

DiaryHelper’s Impact on Choice of Modality By observing
the Table 2, there is an obvious increase in the number of diaries
recorded by image, and a decrease of both the recording with text
and hybrid one (text&image). The reason is participants tended
to rely on DiaryHelper to understand the image and generate the
relevant contextual information, which lightened their burden of
recording. For example, P5 described this change of recording habit,
“In the second week when I used DiaryHelper, I felt taking photos may
be more convenient, and DiaryHelper can directly help me generate
some textual supplements without typing by myself”.

Table 2: The number of diaries recorded by each modality.

Modality Baseline DiaryHelper
Text 62 50
Image 11 35
Text & Image 30 16
Audio 0 3
Video 2 0
Total 105 104

5.1.2 Timing of Recording. For exploring when typically partici-
pants recorded diaries, we visualized the number of diary entries in
each hour for both the Baseline system and DiaryHelper in Figure
4. During the daytime, there was not a significant difference in
the recording frequency between these two systems. One reason
is some participants had very busy working schedules during the
recording period and often had to work overtime to midnight. In
such cases, they thought DiaryHelper could provide emotional sup-
port for them by expressing the mood, and would like to record
this event with higher willingness. For example, P4 mentioned that
“DiaryHelper let me feel like a friend waiting for me. When I was tired
after working overtime, I would like to talk to DiaryHelper and ex-
press my feelings. I feel like I am empathized when I notice a negative
emotion tag in the memo”.

1 Baseline DiaryHelper
12
10
3
S 8
&
o 6
w
4
2
0
0 5 10 15 20 0 5 10 15 20
Time (h) Time (h)

Figure 4: The number of participants’ recorded diary entries
per hour during a day.
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5.1.3  Amount of Contextual Information . To measure the amount
of contextual information contained in the recorded diary entries,
we adopted the same measurements as recall evaluation to score
five dimensions of contextual information mentioned in Section
4.2. Due to the indirect contextual information embodied in the
captured images and videos, we only included diaries entries of
‘Text’, “Text & Image’ and ‘Audio’ modalities. For the audio-based
diary entries, we labeled the corresponding transcriptions. Two
authors manually labeled 92 diary entries from the Baseline system
and 69 diary entries from DiaryHelper. We set the hypothesis
that the amount of contextual information contained in the diary
entries under the two systems were different in five dimensions (i.e.,
time, location, emotion, people and activity). Since the score for
each dimension was ordinal (0,1 or 2), we applied Wilcoxon rank-
sum test [66] to measure the statistical significance. We reported
the test statistic, p-value, and effect size 2 for each dimension in
Table 7. Meanwhile, we conducted another two hypothesis tests for
the Baseline system and DiaryHelper respectively to investigate
whether the carryover effect existed. For these two tests, we set the
hypothesis that the amount of contextual information contained in
diary entries between two groups when using each system were
different in five dimensions. The corresponding results are shown
in Table 8 and 9.

From Table 7, we found that participants recorded similar total
amount of contextual information (W = 1.83,0.05 < p < 0.1).
For each specific dimension, only the contextual information of
time revealed a difference (W = 3.11, p = 0.002), which indicated
participants tended to record more time-related information when
using the Baseline system. Regarding the results of checking the
carryover effect, we did not observe the carryover effect on the total
amount of contextual information recorded between the two groups
for both the Baseline system (W = 1.52, p > 0.1) and DiaryHelper
(W =1.88,0.05 < p < 0.1). It indicated that participants recorded
the similar amount of contextual information without the effect of
order of usage between the two systems.

5.1.4 Questionnaire Feedback. As mentioned in Section 4.2, we
assessed the participants’ recording habits in three dimensions and
system usability in two dimensions. Participants’ feedback in the
questionnaire is shown Table. 3.

We observed that participants showed a higher willingness to
record events frequently and immediately using DiaryHelper com-
pared to the Baseline system. And their perception of modality was
consistent with our analysis in Section 5.1.1, which demonstrated
participants would like to adopt diverse modalities to record di-
aries for adapting to different situations. Even though an additional
function of checking and submitting memo was integrated into
DiaryHelper, participants did not show difficulties of learning and
using DiaryHelper based on their feedback regarding usability.

The effect size is used to indicate the strength of relationship between the two group
of data. It equals to the difference between the mean of two groups divided by the
pooled standard deviation of two groups. Different statistical test may have different
criteria to interpret the amount of effect size. For Wilcoxon rank-sum test, effect size
is commonly interpreted in three levels with different ranges: 0.10 - < 0.3 (small effect),
0.30 - < 0.5 (moderate effect) and >= 0.5 (large effect) [33]
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Table 3: Participants’ feedback of the questions regarding the
recording, elicitation and usability.

Categor Factor Baseline  DiaryHelper
ategory acto Mean(S.D.) Mean(S.D.)
Frequency 2.83(0.80) 4.00(0.58)
Recording  Timeliness 2.25(0.60) 3.25(0.72)
Modalities  2.25(0.43)  3.92(0.95)
Recall 2.75(0.83)  4.42(0.49)
Elicitation Relation 3.17(1.07) 3.58(1.04)
Reflection 3.67(0.85) 4.33(0.62)
. Easy to learn  4.42(0.64) 4.58(0.49)
Usability p vtouse 433075  433(0.75)

5.2 Performance of DiaryHelper

DiaryHelper is empowered by GPT-3.5 and cloud service APIs intro-
duced in Section 3.2. It is crucial to evaluate whether the predicted
values of contextual information are proper and accurate without
too much modification in the memo generated by DiaryHelper.
Since the time section in memo was filled in automatically based
on the metadata of the message, we mainly focused on the eval-
uation of other four dimensions of contextual information. Most
of the participants (9/12) checked and submitted all the generated
memos from DiaryHelper. The other three participants received
31 generated memos in total, and they checked and submitted 22
memos accordingly. In this section, we only included the submitted
memos for the performance evaluation, and considered confirmed
contextual information by participants as the ground-truth. We
observed that DiaryHelper showed the best prediction ability on
people, and the prediction of location, emotion and activity were
similar and decent.

5.2.1 Emotion. We considered the selected sentiment label by par-
ticipants as the ground-truth label. Then we compared the predicted
label and ground-truth label using classic metrics in sentiment anal-
ysis task. DiaryHelper achieved 0.68 average accuracy and 0.69
macro average F1-score, which demonstrated DiaryHelper could
understand participants’ emotional states in most cases. The de-
tailed prediction results for each sentiment label are shown in Table
4. For the diaries with a negative sentiment, DiaryHelper’s pre-
diction achieved the highest F1-score, which means DiaryHelper
could empathize with participants’ negative emotions.

Table 4: The performance of emotion prediction of Diary-
Helper.

Sentiment Precision Recall Fl-score Proportion

Positive 0.80 0.43 0.56 43.07%
Neutral 0.61 0.88 0.72 44.62%
Negative 0.76 0.81 0.79 12.31%

5.2.2  Location, People and Activity. For these three dimensions of
contextual information, participants could choose multiple possible
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options from DiaryHelper’s prediction. DiaryHelper selected the
most possible option automatically before confirming with partic-
ipants. If this pre-selected option is included in the participants’
final choices, it is counted as a hit. Among all the submitted memos,
we calculated the hit ratio, and the proportion of submissions with
different number of selected options, which were shown in Table 5.

Location The prediction of location achieved 0.59 hit ratio, and
participants also selected another possible location tag in 6.92%
of submissions. When participants could find some reasonable lo-
cation tags, they still added some additional location information
in 3.33% of submissions. However, among 30.77% of submissions,
participants could not find an option to describe the location prop-
erly. In such cases, participants would like to type in the location
information in 27.5% of submissions. Generally, the prediction of
location performed well for most diaries. After checking the predic-
tion with errors, we found that DiaryHelper could not understand
the diaries clearly in these cases: 1) screenshots, 2) close-up photos
of special objects (e.g., movie ticket or leaflet), 3) text or audio based
description without clear location information.

People Among 90% of submissions, participants accepted the
predicted people tags, which indicated an excellent understanding
ability of people involved in the recorded diary. Participants selected
another people tag in 3.85% of submissions to enrich the description
of people.

Activity The hit ratio of activity prediction was 0.60, which was
similar to that of location prediction. In 23.85% of submissions, par-
ticipants could not find a proper description of the event happened.
However, in this case, participants added some additional notes in
80.65% of submissions, which indicated their high motivation to
complete the description of activities when DiaryHelper can not do
well. If the generated activity descriptions make sense, participants
still left some additional notes in 25.25% of submissions. We also
observed that the predicted contextual information in the memo
could inspire participants to annotate more relevant information.
For example, DiaryHelper predicted one potential activity option
“attending violin lesson after work” for P12’s one recorded diary.
Then P12 selected this option and expanded it into “I started play-
ing violin since July, and I tried to practice every day. I enjoy playing
it” as the additional note. Overall, DiaryHelper’s prediction ability
on activity was adequate and assist participants to describe the
events of interest efficiently.

Table 5: The prediction performance for the contextual in-
formation with multiple choices.

Categor Hit Ratio Prop. of # Selected Options
8T Mean(SD) 0 1 2 2
Location  0.59(0.17) 30.77% 62.31% 6.92% -
People 0.90(0.11) 0 96.15%  3.85% 0
Activity  0.60(0.19)  23.85% 55.38% 12.31% 8.46%

5.2.3 Questionnaire Feedback. We also asked participants three
additional questions about the interaction with DiaryHelper specif-
ically as mentioned in Section 4.2, and their ratings were shown in
Figure 5. We observed that all participants were satisfied with the

CHI ’24, May 11-16, 2024, Honolulu, HI, USA

performance of DiaryHelper (10 agree and 2 strongly agree), and
most of participants checked the generated contextual information
carefully (4 agree and 6 strongly agree). However, P8 mentioned
that “After I found that the contents generated by DiaryHelper were
good, I tended to check the information less carefully than before”.
Meanwhile, part of the participants had privacy concerns about the
posted data (4 agree and 1 strongly agree). Therefore, in the onboard-
ing phase of the study, we should emphasize how we will protect
participants’ personal data, and remind participants to record data
without confidential or sensitive information.

mmm Strongly disagree Disagree Neutral Agree  mmm Strongly agree

Satisfaction 10

Carefulness 1 1 4

Privacy concern 2 2 4

Figure 5: Participants’ ratings of DiaryHelper regarding sat-
isfaction, carefulness and privacy concern.

5.3 Quality of Elicitation Interview

After analyzing participants’ recording habits and system perfor-
mance of DiaryHelper, we explored the richness of participants’
recall and provided insights during the elicitation interview in this
section. We found that participants could recall more details for
each recorded diary entry and provide more insights related to the
study topic under the assistance of DiaryHelper.

5.3.1 Evaluation on Recall. Two authors scored participants’ recall
for 209 diary entries (105 diaries recorded by the Baseline system
and 104 diaries by DiaryHelper). We followed the same procedure
and type of hypothesis test mentioned in Section 5.1.3 to evaluate
participants’ recall under the two systems. We set the hypothesis
that the usage of DiaryHelper could trigger participants to enrich
their recall in five dimensions (i.e., time, location, emotion, people
and activity). Then we reported the test statistic, p-value, and effect
size for each dimension in Table 6. We also carried out another
two hypothesis tests to investigate whether the carryover effect
existed. For these two tests, we set the hypothesis that the richness
of recall provided by the participants from two groups under each
system was different in five dimensions. The corresponding results
are shown in Table 10 and 11.

From Table 6, we observed that hypothesis regarding time was
rejected, which means participants could recall similar temporal
information using the Baseline and DiaryHelper. One possible
reason is that participants tended to record an event immediately
when they thought an event was interesting to record (Section
5.1.4), so the captured temporal information by DiaryHelper was
similar to that captured in the Baseline system.

The richness of recall regarding location (W = 4.64,p < 0.001)
and people (W = 3.53,p < 0.001) increased significantly when
using DiaryHelper, compared to the Baseline system (same signifi-
cant level with large effect). The richness of remembered emotion
(W = 2.39,p = 0.017) and activity (W = 1.99,p < 0.047) also in-
creased significantly, but the significant level and effect size were
lower than those of location and people information. It is worth
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Table 6: The statistical analysis of recall evaluation for the Baseline system and DiaryHelper using the Wilcoxon rank-sum test,
where the p-value (-: p > .100, +: .050 < p <.100, *:p <.050, **:p <.010, ***:p < .001) is reported. Effect size with large or moderate

magnitude is bolded.

Categor Baseline  DiaryHelper Statistics Hvpothesis
gory Mean(SD.) Mean(SD.) W  p-value Sig. Eff. Size yP

Time  1.05(0.65)  1.04(0.59) 011 0909 - 0.01 Rej.
Location  0.81(0.83)  1.39(0.76)  4.64 <0.001 **  0.73 Acc.
Emotion  0.75(0.83)  1.07(0.89) 239 0017  * 0.37 Acc.
People 1.02(0.73) 1.40(0.67) 3.53 <0.001 *** 0.55 Acc.
Activity ~ 1.57(0.49)  1.73(0.44) 199  0.047  * 0.34 Acc.
Total  5.20(2.05)  6.63(1.71) 500 <0.001 ***  0.76 Acc.

mentioning that the score regards emotion information raised from
a relatively low score (<0.8) to a notable coverage (1.07). Overall,
the total score of each recall represented a significant increase,
which indicated the effectiveness of DiaryHelper to trigger par-
ticipants’ detailed recall based on the auto-generated, structured,
comprehensive contextual information.

Meanwhile, some generated contents in the memo also reminded
participants of noting down other valuable contextual information
which they might be forgotten later. For instance, P6 described his
change of attitude on contextual information:

“If let me to record diaries only by myself, I might not
write down such detailed contextual information, be-
cause I generally feel that these information might not
be very helpful for my recall. However, it turns out that
these information captured by DiaryHelper are still
valuable to my memories.”

And P7 mentioned that “I can find the key points I need at a glance
of the memo, including location, activities and so on. This really allows
me to recall events very quickly and easily, and to remember more
details”.

Based on the results in Table 10, we observed the carryover
effect of the total score of recall when using the Baseline system
(W = 2.04,p = 0.041). However, the corresponding p-value was
close to 0.05, which indicated the significance level to accept the
hypothesis was relatively low. From Table 11, we did not observe
the carryover effect of the total score of recall for the DiaryHelper
system (W = 1.69,0.05 < p < 0.1), but there was a minor carryover
effect shown for recall of location (W = 2.40, p = 0.016).

5.3.2  Evaluation on Reflection. Participants were asked about their
general feelings of work-life balance and strategies to manage work
and life after recalling the recorded diaries as described in Section
4.1. First, we found that high quality of participants’ recall was
crucial for discussion about the study topic. For instance, P2 men-
tioned that “If I could have a more complete recall of what happened
at that time, such as my emotions, or who I was doing it with, it would
help me better reflect on whether I had a good work-life balance in
the past week”. Second, emotion as one dimension of contextual
information captured by DiaryHelper was useful for participants
to reflect on their mental state and adjust their strategy to balance
work and life. For example, P4 mentioned that “After having the
emotional tag, I can clearly grasp the changes in my emotions this

week, allowing me to further adjust the rhythm of my work”. Third,
participants thought it was time-consuming to review long pieces
of text and audio clips lasting a long time in the elicitation inter-
view. In such cases, they tended to check the concise and structured
memo summaries (Figure 1, () generated by DiaryHelper directly,
which could facilitate participants’ holistic understanding and deep
reflection of their status and daily behaviors. For instance, P7 men-
tioned that “After reviewing all the summaries, it makes me better
understand my arrangements regarding work and life”.

5.3.3 Questionnaire Feedback. Participants also rated system’s as-
sistance regarding recall, relation and reflection in the elicitation
interview mentioned in Section 4.2. Based on Table 3, we found that
the average rating of DiaryHelper’s assistance for recall increased
the most (from 2.75 to 4.42), compared to the Baseline system. This
result is consistent with the statistical test results in Section 5.3.1.
DiaryHelper’s assistance for reflection (4.33) was also better than
that of the Baseline system (3.67). However, system’s assistance for
relation is similar for the Baseline system (3.17) and DiaryHelper
(3.58). P12 mentioned a possible reason: “Since there is no contextual
information in the memo designed explicitly for this study topic, I
do not find the effect of DiaryHelper to help me realize the relation
between my recorded diary and study topic”.

6 DISCUSSION

Participants involved in elicitation diary studies face challenges of
decreasing willingness to record diaries, postponing the recording
due to the time limits, and feeling perplexed regarding how to record
an event of interest clearly [5, 10, 12, 13, 22]. Our work demonstrates
a promising approach of designing an automatic contextual infor-
mation recording agent to assist participants in recording diaries
and trigger them to recall more details and discuss informatively in
the elicitation interview. The rest of this section presents the deeper
insights of DiaryHelper for future implementation of similar tools
and some limitations.

6.1 Usefulness of Automatic Contextual
Information Recording

Prior research has emphasized the importance of minimizing the

recording burden in diary studies across various contexts [5, 9, 10].

Results from system testing (Table 4, 5) and participant feedback
(Table 3, Figure 5) indicate that DiaryHelper achieves high accuracy
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in contextual information generation and elicits high levels of user
satisfaction. Participants appreciated the low recording burden
of DiaryHelper, which allowed for quick and efficient recording
even during fragmented periods of time. These findings suggest
that automatic generation of contextual information can effectively
reduce recording burden in applications that require rapid data
collection.

As mentioned in Section 5.2.2, the predicted options of contex-
tual information provided by DiaryHelper can serve as prompts for
participants to annotate more relevant information in their diaries.
This emphasizes the importance of providing auto-generated in-
formation as prompts to assist participants in understanding what
and how to record.

The five dimensions of contextual information generated by Di-
aryHelper are general memory cues that have been demonstrated
to be useful for episodic memory [3, 23]. However, for specific diary
study topics, customized cues could be integrated into the memo
to better support participants’ recording needs. For example, P9
suggested that “A tag indicating my current work-life relationship
may also be helpful for me to keep my thoughts at that time, and a
visualization of my proportion of work and life could also be repre-
sented”. In the future design of agents like DiaryHelper, researchers
may consider the integration of various forms of visualizations
to summarize recorded diaries and contextual information across
diverse dimensions [40, 63, 64]. For instance, under our study topic
about work-life balance, we can consider design an interface to
show the contextual information integrally and dynamically, such
as the proportions of work and life related events, the changes of
emotions, and the clustered location information. It could increase
participants’ understanding of past events in detail and assist them
in forming holistic view regarding the study topic potentially. How-
ever, the timing of presenting visualizations needs further study to
avoid intervening participants’ own perception and justification.

At present, DiaryHelper generates a fixed amount of contextual
information throughout the recording period. However, a more so-
phisticated approach to contextual information generation could be
incorporated in future designs. For instance, at the beginning of the
study, participants may be less familiar with the recording process,
and thus, more extensive contextual information could be provided
to facilitate their engagement and comprehension. As the experi-
ment progresses and participants become more experienced with
the recording process, the amount of contextual information pro-
vided could be gradually reduced to avoid overloading participants
with redundant or irrelevant information.

6.2 Empathy and Interactivity

Maintaining user interest and engagement is a critical factor in the
success of diary studies [51]. While DiaryHelper cannot engage in
casual conversations with participants, its prompt acknowledgment
and interactions with the memo have shown great potential to elicit
a sense of empathy and increase participants’ willingness to record
their diaries. Participants perceived DiaryHelper as a companion
in the Slack channel, and considered recording their diaries as
sharing with a friend. For example, P12 noted that “When some
events of interest happened in my life, I could remember to share it
with DiaryHelper, which improves my motivation to record diaries”.
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This sense of companionship and support provided by DiaryHelper
was particularly important in cases where participants experienced
negative emotions, as they could feel empathized when noticing an
emotion tag in the memo generated by DiaryHelper (as mentioned
in Section 5.1.2).

In prior diary studies, researchers typically played the role of ac-
knowledging participants’ recordings and giving feedback through
emails or text messages [1, 22]. However, DiaryHelper represents
a potentially valuable approach to enhancing participants’ will-
ingness to record diaries and fostering empathetic feelings. It is
particularly important when long-lasting diary studies may suf-
fer from participants’ decreased motivation (or even fatigue) in
recording [22]. It is a promising direction for future work to in-
vestigate how adopting a chatbot into the recording platform may
help provide a more personalized and interactive experience for
participants, and maintain their interest and motivation over time.

6.3 Generalizability

The potential generalizability of DiaryHelper is a promising devel-
opment for other research methods that rely on participants’ self-
recorded data. For instance, experience sampling methods (ESMs)
involve participants reporting on their experiences in real-time,
such as their thoughts, feelings, and behaviors [15, 16, 24, 32]. Diary-
Helper could potentially be adapted to ESM studies to automatically
generate prompts or cues based on participants’ self-recorded data,
thereby improving the quantity, accuracy, and completeness of the
data collected. Zhen et al. ’s work has highlighted the potential of
integrating photos into ESM studies [67], where DiaryHelper could
consider participants’ sampled experiences and photos together to
infer richer contextual information. Moreover, photovoice methods
involve participants representing their experiences through pho-
tography followed by a discussion session [11, 57, 65]. The photo-
taking process and discussion could be leveraged by DiaryHelper’s
abilities in contextual information extraction and summarization.
Overall, by automating the generation of relevant prompts and
cues, intelligent agents like DiaryHelper can enhance the quality
and quantity of self-recorded data collected in a range of research
methods, thus enabling more robust and insightful analyses.

6.4 Limitations and Future Work

Our system design and experiment have several limitations. First,
we only conducted one diary study in our experiment, as the five
dimensions of contextual information recorded by DiaryHelper
are not specific to any particular diary study and can be imple-
mented flexibly across different topics. However, future studies
could explore the differences in participants’ interaction patterns
and issues across diverse diary studies. Second, the topic selected
for our diary study focused on “work-life balance”, which encom-
passes a wide range of relevant events and may have made it easier
for participants to identify and record events. For diary studies
targeting specific situations or groups, such as cyber security of
smart home devices [61] or gig economy freelancers [1], it would
be valuable to investigate how DiaryHelper affects participants’
recording habits and discussions. Third, our recruited participants
were young adults (aged 22-28), which may introduce some bias in
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our experiment results. Future studies should aim to recruit partic-
ipants from diverse age groups to comprehensively evaluate the
performance of DiaryHelper. Additionally, alternative designs for
individuals who are unfamiliar with electronic devices should also
be considered. Fourth, more comparison experiments with varying
recording periods could be conducted to explore the effectiveness of
the memory cues recorded by DiaryHelper for events that occurred
at different times in the past. In particular, for studies requiring
long-term observations, it would be valuable to analyze the impact
of contextual information captured by DiaryHelper on participants’
recall after a long time. Moreover, the diary entries as memory
anchors could help ground participants’ recall, but it may also steer
their recollection away from details not recorded in the diary. In our
study, we just followed standard practices to let participants access
the recorded diaries during the recall session. Finally, while Carter
et al. ’s work supports the use of tangible objects as a modality
for diary recording [10], DiaryHelper is not equipped to handle
cases where participants keep physical objects as data entries. One
possible solution is to encourage participants to take a photo of the
object and submit it to DiaryHelper as a recording.

In the future, we plan to invite some domain experts in diary
studies to discuss and evaluate the feasibility and potential issue of
DiaryHelper. Meanwhile, besides the recording burden and recall
focused in this work, we will continue to explore other factors that
may affect participants’ insight and reflection, such as adopting
Al-summarization of diary behaviors for elicitation.

7 CONCLUSION

In this work, we designed DiaryHelper, an automatic contextual
information recording agent for elicitation diary study. DiaryHelper
is empowered by cloud service APIs to process multimodal diary
data and LLM to understand and generate contextual information.
Compared to the Baseline system, a within-subject diary study
demonstrated that DiaryHelper improved participants’ willingness
to diary recording and decreased the burden of recording contextual
information in the recording period. For the elicitation interview,
DiaryHelper triggered participants to recall captured diaries with
more detail and provide more insights regarding the study topic.
We further summarized the design implications to guide the future
approach proposed to enhance the diary study methods.

ACKNOWLEDGMENTS

This work is supported by the Research Grants Council of the Hong
Kong Special Administrative Region under General Research Fund
(GRF) with Grant No. 16203421. We thank anonymous reviewers for
their valuable feedback and our study participants for their great
contribution and effort. Lastly, we appreciate Yubo Xie and Zeyu
Huang’s insightful discussions.

REFERENCES

[1] Juan Carlos Alvarez de la Vega, Marta E. Cecchinato, John Rooksby, and Joseph
Newbold. 2023. Understanding Platform Mediated Work-Life: A Diary Study
with Gig Economy Freelancers. Proc. ACM Hum.-Comput. Interact. 7, CSCW1,
Article 106 (apr 2023), 32 pages. https://doi.org/10.1145/3579539

Arnold B. Bakker, Ana Isabel Sanz Vergel, and Jeroen Kuntze. 2015. Student
engagement and performance: A weekly diary study on the role of openness.
Motivation and Emotion 39, 1 (Feb. 2015), 49-62. https://doi.org/10.1007/s11031-
014-9422-5

N

Junze Li et al.

[3] Lawrence W. Barsalou. 1988. The content and organization of autobiographi-
cal memories. Cambridge University Press, 193-243. https://doi.org/10.1017/
CB09780511664014.009

Niall Bolger, Angelina Davis, and Eshkol Rafaeli. 2003. Diary methods: Capturing

life as it is lived. Annual review of psychology 54, 1 (2003), 579-616.

[5] Joel Brandt, Noah Weiss, and Scott R. Klemmer. 2007. Txt 4 L8r: Lowering
the Burden for Diary Studies under Mobile Conditions. In CHI 07 Extended
Abstracts on Human Factors in Computing Systems (San Jose, CA, USA) (CHI
EA °07). Association for Computing Machinery, New York, NY, USA, 2303-2308.
https://doi.org/10.1145/1240866.1240998

[6] John Brooke. 1996. Sus: a “quick and dirty’usability. Usability evaluation in

industry 189, 3 (1996), 189-194.

Barry A. T. Brown, Abigail J. Sellen, and Kenton P. O’Hara. 2000. A Diary

Study of Information Capture in Working Life. In Proceedings of the SIGCHI

Conference on Human Factors in Computing Systems (The Hague, The Netherlands)

(CHI ’00). Association for Computing Machinery, New York, NY, USA, 438-445.

https://doi.org/10.1145/332040.332472

[8] Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan,

Prafulla Dhariwal, Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda

Askell, Sandhini Agarwal, Ariel Herbert-Voss, Gretchen Krueger, Tom Henighan,

Rewon Child, Aditya Ramesh, Daniel Ziegler, Jeffrey Wu, Clemens Winter,

Chris Hesse, Mark Chen, Eric Sigler, Mateusz Litwin, Scott Gray, Benjamin

Chess, Jack Clark, Christopher Berner, Sam McCandlish, Alec Radford, Ilya

Sutskever, and Dario Amodei. 2020. Language Models are Few-Shot Learners.

In Advances in Neural Information Processing Systems, H. Larochelle, M. Ran-

zato, R. Hadsell, M.F. Balcan, and H. Lin (Eds.), Vol. 33. Curran Associates,

Inc., 1877-1901.  https://proceedings.neurips.cc/paper_files/paper/2020/file/

1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf

Lauren M. Bylsma, Marcel A. Croon, Ad.J.J.M. Vingerhoets, and Jonathan Rotten-

berg. 2011. When and for whom does crying improve mood? A daily diary study

of 1004 crying episodes. Journal of Research in Personality 45, 4 (2011), 385-392.

https://doi.org/10.1016/j.jrp.2011.04.007

Scott Carter and Jennifer Mankoff. 2005. When Participants Do the Capturing:

The Role of Media in Diary Studies. In Proceedings of the SIGCHI Conference

on Human Factors in Computing Systems (Portland, Oregon, USA) (CHI '05).

Association for Computing Machinery, New York, NY, USA, 899-908. https:

//doi.org/10.1145/1054972.1055098

[11] Caricia Catalani and Meredith Minkler. 2010. Photovoice: A Review of
the Literature in Health and Public Health.  Health Education & Be-
havior 37, 3 (2010), 424-451. https://doi.org/10.1177/1090198109342084
arXiv:https://doi.org/10.1177/1090198109342084 PMID: 19797541.

[12] Ming Ki Chong, Jon Whittle, Umar Rashid, and Chee Siang Ang. 2015. Cue Now,
Reflect Later: A Study of Delayed Reflection of Diary Events. In Human-Computer
Interaction — INTERACT 2015, Julio Abascal, Simone Barbosa, Mirko Fetter, Tom
Gross, Philippe Palanque, and Marco Winckler (Eds.). Springer International
Publishing, Cham, 367-375.

[13] Marisol Clark-Ib4Nez. 2004. Framing the Social World With Photo-Elicitation
Interviews. American Behavioral Scientist 47, 12 (2004), 1507-1527. https://doi.
org/10.1177/0002764204266236 arXiv:https://doi.org/10.1177/0002764204266236

[14] Tamlin S Conner and Paul J Silvia. 2015. Creative days: a daily diary study of

emotion, personality, and everyday creativity. Psychology of Aesthetics, Creativity,

and the Arts 9, 4 (2015), 463.

Mihaly Csikszentmihalyi, Mihaly Csikszentmihalyi, and Reed Larson. 2014. Valid-

ity and reliability of the experience-sampling method. Flow and the foundations of

positive psychology: The collected works of Mihaly Csikszentmihalyi (2014), 35-54.

Mihaly Csikszentmihalyi, Reed Larson, and Mihaly Csikszentmihalyi. 2014. The

experience sampling method. Flow and the foundations of positive psychology:

The collected works of Mihaly Csikszentmihalyi (2014), 21-34.

[17] Mary Czerwinski, Eric Horvitz, and Susan Wilhite. 2004. A Diary Study of

Task Switching and Interruptions. In Proceedings of the SIGCHI Conference on

Human Factors in Computing Systems (Vienna, Austria) (CHI "04). Association for

Computing Machinery, New York, NY, USA, 175-182. https://doi.org/10.1145/

985692.985715

Elizabeth D Dalton and Constance L Hammen. 2018. Independent and relative

effects of stress, depressive symptoms, and affect on college students’ daily health

behaviors. Journal of behavioral medicine 41 (2018), 863-874.

Yuanyuan Feng. 2019. The enhanced participant-driven photo elicitation method

for everyday life health information behaviour research. Aslib Journal of Infor-

mation Management 71, 6 (2019), 720-738.

[20] Tracy Gabridge, Millicent Gaskell, and Amy Stout. 2008. Information seeking

through students’ eyes: the MIT photo diary study. College & Research Libraries

69, 6 (2008), 510-523.

Nancy C Goodwin. 1987. Functionality and usability. Commun. ACM 30, 3 (1987),

229-233.

[22] Nanna Gorm and Irina Shklovski. 2017. Participant Driven Photo Elicitation
for Understanding Activity Tracking: Benefits and Limitations. In Proceedings
of the 2017 ACM Conference on Computer Supported Cooperative Work and Social

4

7

[9

=
=

[15

[16

=
&

[19

[21


https://orcid.org/0000-0001-8199-071X
https://orcid.org/0000-0001-8199-071X
https://doi.org/10.1145/3579539
https://doi.org/10.1007/s11031-014-9422-5
https://doi.org/10.1007/s11031-014-9422-5
https://doi.org/10.1017/CBO9780511664014.009
https://doi.org/10.1017/CBO9780511664014.009
https://doi.org/10.1145/1240866.1240998
https://doi.org/10.1145/332040.332472
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://doi.org/10.1016/j.jrp.2011.04.007
https://doi.org/10.1145/1054972.1055098
https://doi.org/10.1145/1054972.1055098
https://doi.org/10.1177/1090198109342084
https://arxiv.org/abs/https://doi.org/10.1177/1090198109342084
https://doi.org/10.1177/0002764204266236
https://doi.org/10.1177/0002764204266236
https://arxiv.org/abs/https://doi.org/10.1177/0002764204266236
https://doi.org/10.1145/985692.985715
https://doi.org/10.1145/985692.985715

DiaryHelper

Computing (Portland, Oregon, USA) (CSCW ’17). Association for Computing
Machinery, New York, NY, USA, 1350-1361. https://doi.org/10.1145/2998181.
2998214

[23] Raben Gouveia and Evangelos Karapanos. 2013. Footprint Tracker: Supporting
Diary Studies with Lifelogging. In Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems (Paris, France) (CHI ’13). Association for Computing
Machinery, New York, NY, USA, 2921-2930. https://doi.org/10.1145/2470654.
2481405

[24] Joel M Hektner, Jennifer Anne Schmidt, and Mihaly Csikszentmihalyi. 2007.
Experience sampling method: Measuring the quality of everyday life. Sage.

[25] Jan Hess and Volker Wulf. 2009. Explore Social Behavior around Rich-Media: A
Structured Diary Study. In Proceedings of the 7th European Conference on Interac-
tive TV and Video (Leuven, Belgium) (EuroI TV '09). Association for Computing Ma-
chinery, New York, NY, USA, 215-218. https://doi.org/10.1145/1542084.1542127

[26] S. Hodges, E. Berry, K. Wood, Ken Woodberry, and Steve Hodges.

2011. SenseCam: A wearable Camera that Stimulates and Rehabili-

tates Autobiographical Memory. Memory 19, 7 (January 2011), 685-696.

https://www.microsoft.com/en-us/research/publication/sensecam-a-wearable-

camera-that- stimulates-and-rehabilitates-autobiographical-memory/

Matthew K. Hong, Udaya Lakshmi, Kimberly Do, Sampath Prahalad, Thomas

Olson, Rosa I. Arriaga, and Lauren Wilcox. 2020. Using Diaries to Probe the

Illness Experiences of Adolescent Patients and Parental Caregivers. In Proceedings

of the 2020 CHI Conference on Human Factors in Computing Systems (Honolulu,

HI, USA) (CHI "20). Association for Computing Machinery, New York, NY, USA,

1-16. https://doi.org/10.1145/3313831.3376426

[28] Ellen Isaacs, Artie Konrad, Alan Walendowski, Thomas Lennig, Victoria Hollis,

and Steve Whittaker. 2013. Echoes from the Past: How Technology Mediated

Reflection Improves Well-Being. In Proceedings of the SIGCHI Conference on

Human Factors in Computing Systems (Paris, France) (CHI ’13). Association for

Computing Machinery, New York, NY, USA, 1071-1080. https://doi.org/10.1145/

2470654.2466137

Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan Su, Yan Xu, Etsuko Ishii,

Ye Jin Bang, Andrea Madotto, and Pascale Fung. 2023. Survey of Hallucination in

Natural Language Generation. ACM Comput. Surv. 55, 12, Article 248 (mar 2023),

38 pages. https://doi.org/10.1145/3571730

[30] Daniel Kahneman, Alan B. Krueger, David A. Schkade, Norbert Schwarz,
and Arthur A. Stone. 2004. A Survey Method for Characterizing
Daily Life Experience: The Day Reconstruction Method. Science
306, 5702 (2004), 1776-1780. https://doi.org/10.1126/science.1103572
arXiv:https://www.science.org/doi/pdf/10.1126/science.1103572

[31] Vaiva Kalnikaite, Abigail Sellen, Steve Whittaker, and David Kirk. 2010. Now
Let Me See Where i Was: Understanding How Lifelogs Mediate Memory. In
Proceedings of the SIGCHI Conference on Human Factors in Computing Systems
(Atlanta, Georgia, USA) (CHI ’10). Association for Computing Machinery, New
York, NY, USA, 2045-2054. https://doi.org/10.1145/1753326.1753638

[32] Soowon Kang, Cheul Young Park, Auk Kim, Narae Cha, and Uichin Lee. 2022.

Understanding Emotion Changes in Mobile Experience Sampling. In Proceedings

of the 2022 CHI Conference on Human Factors in Computing Systems (New Orleans,

LA, USA) (CHI ’22). Association for Computing Machinery, New York, NY, USA,

Article 198, 14 pages. https://doi.org/10.1145/3491102.3501944

Alboukadel Kassambara. 2021. rstatix: Pipe-Friendly Framework for Basic Statistical

Tests. https://CRAN.R-project.org/package=rstatix R package version 0.7.0.

Huy Viet Le, Sarah Clinch, Corina Sas, Tilman Dingler, Niels Henze, and Nigel

Davies. 2016. Impact of Video Summary Viewing on Episodic Memory Recall:

Design Guidelines for Video Summarizations. In Proceedings of the 2016 CHI

Conference on Human Factors in Computing Systems (San Jose, California, USA)

(CHI ’16). Association for Computing Machinery, New York, NY, USA, 4793-4805.

https://doi.org/10.1145/2858036.2858413

[35] Christopher A. Le Dantec and W. Keith Edwards. 2008. Designs on Dignity:
Perceptions of Technology among the Homeless. In Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems (Florence, Italy) (CHI 08).
Association for Computing Machinery, New York, NY, USA, 627-636. https:
//doi.org/10.1145/1357054.1357155

[36] Matthew L. Lee and Anind K. Dey. 2007. Providing Good Memory Cues for
People with Episodic Memory Impairment. In Proceedings of the 9th International
ACM SIGACCESS Conference on Computers and Accessibility (Tempe, Arizona,
USA) (Assets ’07). Association for Computing Machinery, New York, NY, USA,
131-138. https://doi.org/10.1145/1296843.1296867

[37] Yiren Liu, Mengxia Yu, Meng Jiang, and Yun Huang. 2023. Creative Research
Question Generation for Human-Computer Interaction Research. (2023).

[38] T. A. Loeffler. 2004. A Photo Elicitation Study of the Meanings

of Outdoor Adventure Experiences. Journal of Leisure Research 36,

4 (2004), 536-556. https://doi.org/10.1080/00222216.2004.11950035

arXiv:https://doi.org/10.1080/00222216.2004.11950035

T. Metz. 2021. An exploratory diary study on modelling morning routines.

http://essay.utwente.nl/87201/

Myriam Munezero, Calkin Suero Montero, Maxim Mozgovoy, and Erkki Su-

tinen. 2013. Exploiting Sentiment Analysis to Track Emotions in Students’

[27

[29

[33

[34

[39

[40

CHI ’24, May 11-16, 2024, Honolulu, HI, USA

Learning Diaries. In Proceedings of the 13th Koli Calling International Confer-
ence on Computing Education Research (Koli, Finland) (Koli Calling ’13). As-
sociation for Computing Machinery, New York, NY, USA, 145-152. https:
//doi.org/10.1145/2526968.2526984

Nathalie Overdevest, Rakesh Patibanda, Aryan Saini, Elise Van Den Hoven,
and Florian ‘Floyd’ Mueller. 2023. Towards Designing for Everyday Embodied
Remembering: Findings from a Diary Study. In Proceedings of the 2023 ACM
Designing Interactive Systems Conference (Pittsburgh, PA, USA) (DIS °23). As-
sociation for Computing Machinery, New York, NY, USA, 2611-2624. https:
//doi.org/10.1145/3563657.3595999

Leysia Palen and Marilyn Salzman. 2002. Voice-Mail Diary Studies for Naturalistic
Data Capture under Mobile Conditions. In Proceedings of the 2002 ACM Conference
on Computer Supported Cooperative Work (New Orleans, Louisiana, USA) (CSCW
’02). Association for Computing Machinery, New York, NY, USA, 87-95. https:
//doi.org/10.1145/587078.587092

Katie J. Parnell, James Rand, and Katherine L. Plant. 2020. A diary study of
distracted driving behaviours. Transportation Research Part F: Traffic Psychology
and Behaviour 74 (2020), 1-14. https://doi.org/10.1016/j.trf.2020.08.003
Marianne Graves Petersen, Kim Halskov Madsen, and Arne Kjeer. 2002. The
usability of everyday technology: emerging and fading opportunities. ACM
Transactions on Computer-Human Interaction (TOCHI) 9, 2 (2002), 74-105.
Elizabeth R. Peterson, Gavin T.L. Brown, and Miriam C. Jun. 2015. Achieve-
ment emotions in higher education: A diary study exploring emotions across
an assessment event. Contemporary Educational Psychology 42 (2015), 82-96.
https://doi.org/10.1016/j.cedpsych.2015.05.002

Aditya Ramesh, Mikhail Pavlov, Gabriel Goh, Scott Gray, Chelsea Voss, Alec Rad-
ford, Mark Chen, and Ilya Sutskever. 2021. Zero-Shot Text-to-Image Generation.
In Proceedings of the 38th International Conference on Machine Learning (Proceed-
ings of Machine Learning Research, Vol. 139), Marina Meila and Tong Zhang (Eds.).
PMLR, 8821-8831. https://proceedings.mlr.press/v139/ramesh21a.html
Timothy J. Ricker, Evie Vergauwe, and Nelson Cowan. 2016. Decay Theory
of Immediate Memory: From Brown (1958) to Today (2014). Quarterly Journal
of Experimental Psychology 69, 10 (2016), 1969-1995. https://doi.org/10.1080/
17470218.2014.914546 arXiv:https://doi.org/10.1080/17470218.2014.914546 PMID:
24853316.

[48] John Rieman. 1993. The Diary Study: A Workplace-Oriented Research Tool to

Guide Laboratory Efforts. In Proceedings of the INTERACT °93 and CHI *93 Con-
ference on Human Factors in Computing Systems (Amsterdam, The Netherlands)
(CHI ’93). Association for Computing Machinery, New York, NY, USA, 321-326.
https://doi.org/10.1145/169059.169255

Corina Sas, Tomasz Fratczak, Matthew Rees, Hans Gellersen, Vaiva Kalnikaite,
Alina Coman, and Kristina H66k. 2013. AffectCam: Arousal- Augmented Sense-
cam for Richer Recall of Episodic Memories. In CHI ’13 Extended Abstracts
on Human Factors in Computing Systems (Paris, France) (CHI EA ’13). Asso-
ciation for Computing Machinery, New York, NY, USA, 1041-1046. https:
//doi.org/10.1145/2468356.2468542

Abigail ]J. Sellen, Andrew Fogg, Mike Aitken, Steve Hodges, Carsten Rother,
and Ken Wood. 2007. Do Life-Logging Technologies Support Memory for the
Past? An Experimental Study Using Sensecam. In Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems (San Jose, California, USA)
(CHI ’07). Association for Computing Machinery, New York, NY, USA, 81-90.
https://doi.org/10.1145/1240624.1240636

Anjeli Singh and Sareeka Malhotra. 2013. A Researcher’s Guide to Running Diary
Studies. In Proceedings of the 11th Asia Pacific Conference on Computer Human
Interaction (Bangalore, India) (APCHI ’13). Association for Computing Machinery,
New York, NY, USA, 296-300. https://doi.org/10.1145/2525194.2525261

Sabine Sonnentag. 2001. Work, recovery activities, and individual well-being: A
diary study. Journal of occupational health psychology 6, 3 (2001), 196.

Michelle Steves, Dana Chisnell, Angela Sasse, Kat Krol, Mary Theofanos, and
Hannah Wald. 2014. Report: Authentication diary study. (2014).

Jana Strahler, Urs M Nater, and Nadine Skoluda. 2020. Associations between
health behaviors and factors on markers of healthy psychological and physiolog-
ical functioning: a daily diary study. Annals of Behavioral Medicine 54, 1 (2020),
22-35.

Minhyang (Mia) Suh, Frank Bentley, and Danielle Lottridge. 2018. "It’s Kind of
Boring Looking at Just the Face": How Teens Multitask During Mobile Videochat.
Proc. ACM Hum.-Comput. Interact. 2, CSCW, Article 167 (nov 2018), 23 pages.
https://doi.org/10.1145/3274436

Xu Sun, Sarah Sharples, and Stephann Makri. 2011. A user-centred mobile diary
study approach to understanding serendipity in information research. Information
Research 16, 3 (2011), 16-3.

Camille A Sutton-Brown. 2014. Photovoice: A methodological guide. Photography
and Culture 7, 2 (2014), 169-185.

David Swallow, Helen Petrie, Christopher Power, and Alistair D. N. Edwards.
2022. Using Photo Diaries to Elicit User Requirements from Older Adults: A Case
Study on Mobility Barriers. In Human-Computer Interaction — INTERACT 2015.
Springer-Verlag, Berlin, Heidelberg, 147-164. https://doi.org/10.1007/978-3-319-
22701-6_11


https://doi.org/10.1145/2998181.2998214
https://doi.org/10.1145/2998181.2998214
https://doi.org/10.1145/2470654.2481405
https://doi.org/10.1145/2470654.2481405
https://doi.org/10.1145/1542084.1542127
https://www.microsoft.com/en-us/research/publication/sensecam-a-wearable-camera-that-stimulates-and-rehabilitates-autobiographical-memory/
https://www.microsoft.com/en-us/research/publication/sensecam-a-wearable-camera-that-stimulates-and-rehabilitates-autobiographical-memory/
https://doi.org/10.1145/3313831.3376426
https://doi.org/10.1145/2470654.2466137
https://doi.org/10.1145/2470654.2466137
https://doi.org/10.1145/3571730
https://doi.org/10.1126/science.1103572
https://arxiv.org/abs/https://www.science.org/doi/pdf/10.1126/science.1103572
https://doi.org/10.1145/1753326.1753638
https://doi.org/10.1145/3491102.3501944
https://CRAN.R-project.org/package=rstatix
https://doi.org/10.1145/2858036.2858413
https://doi.org/10.1145/1357054.1357155
https://doi.org/10.1145/1357054.1357155
https://doi.org/10.1145/1296843.1296867
https://doi.org/10.1080/00222216.2004.11950035
https://arxiv.org/abs/https://doi.org/10.1080/00222216.2004.11950035
http://essay.utwente.nl/87201/
https://doi.org/10.1145/2526968.2526984
https://doi.org/10.1145/2526968.2526984
https://doi.org/10.1145/3563657.3595999
https://doi.org/10.1145/3563657.3595999
https://doi.org/10.1145/587078.587092
https://doi.org/10.1145/587078.587092
https://doi.org/10.1016/j.trf.2020.08.003
https://doi.org/10.1016/j.cedpsych.2015.05.002
https://proceedings.mlr.press/v139/ramesh21a.html
https://doi.org/10.1080/17470218.2014.914546
https://doi.org/10.1080/17470218.2014.914546
https://arxiv.org/abs/https://doi.org/10.1080/17470218.2014.914546
https://doi.org/10.1145/169059.169255
https://doi.org/10.1145/2468356.2468542
https://doi.org/10.1145/2468356.2468542
https://doi.org/10.1145/1240624.1240636
https://doi.org/10.1145/2525194.2525261
https://doi.org/10.1145/3274436
https://doi.org/10.1007/978-3-319-22701-6_11
https://doi.org/10.1007/978-3-319-22701-6_11

CHI ’24, May 11-16, 2024, Honolulu, HI, USA

[59] Endel Tulving. 1984. Précis of Elements of episodic memory. Behavioral and
Brain Sciences 7, 2 (1984), 223-238. https://doi.org/10.1017/50140525X0004440X
[60] Endel Tulving. 1993. What is episodic memory? Current directions in psychological
science 2, 3 (1993), 67-70.
[61] Sarah Turner, Jason R.C. Nurse, and Shujun Li. 2022. “It Was Hard to Find the
Words”: Using an Autoethnographic Diary Study to Understand the Difficulties
of Smart Home Cyber Security Practices. In Extended Abstracts of the 2022 CHI
Conference on Human Factors in Computing Systems (New Orleans, LA, USA) (CHI
EA °22). Association for Computing Machinery, New York, NY, USA, Article 34,
8 pages. https://doi.org/10.1145/3491101.3503577
Tuomas Vaittinen, Tuula Karkkainen, and Thomas Olsson. 2010. A Diary Study
on Annotating Locations with Mixed Reality Information. In Proceedings of the 9th
International Conference on Mobile and Ubiquitous Multimedia (Limassol, Cyprus)
(MUM °10). Association for Computing Machinery, New York, NY, USA, Article
21, 10 pages. https://doi.org/10.1145/1899475.1899496
Nancy A. Van House. 2006. Interview Viz: Visualization-Assisted Photo Elicitation.
In CHI '06 Extended Abstracts on Human Factors in Computing Systems (Montréal,
Québec, Canada) (CHI EA ’06). Association for Computing Machinery, New York,
NY, USA, 1463-1468. https://doi.org/10.1145/1125451.1125720
Katerina Vrotsou, Kajsa Ellegard, and Matthew Cooper. 2007. Everyday Life
Discoveries: Mining and Visualizing Activity Patterns in Social Science Diary
Data. In 2007 11th International Conference Information Visualization (IV "07).
130-138. https://doi.org/10.1109/IV.2007.48
Caroline Wang and Mary Ann Burris. 1997. Photovoice: Concept, Method-
ology, and Use for Participatory Needs Assessment. Health Education & Be-
havior 24, 3 (1997), 369-387.  https://doi.org/10.1177/109019819702400309
arXiv:https://doi.org/10.1177/109019819702400309 PMID: 9158980.
Frank Wilcoxon, SK Katti, Roberta A Wilcox, et al. 1970. Critical values and
probability levels for the Wilcoxon rank sum test and the Wilcoxon signed rank
test. Selected tables in mathematical statistics 1 (1970), 171-259.
Zhen Yue, Eden Litt, Carrie J. Cai, Jeff Stern, Kathy K. Baxter, Zhiwei Guan, Nikhil
Sharma, and Guanggiang (George) Zhang. 2014. Photographing Information
Needs: The Role of Photos in Experience Sampling Method-Style Research. In
Proceedings of the SIGCHI Conference on Human Factors in Computing Systems
(Toronto, Ontario, Canada) (CHI ’14). Association for Computing Machinery,
New York, NY, USA, 1545-1554. https://doi.org/10.1145/2556288.2557192
Xiaoyi Zhang, Laura R. Pina, and James Fogarty. 2016. Examining Unlock Jour-
naling with Diaries and Reminders for In Situ Self-Report in Health and Wellness.
In Proceedings of the 2016 CHI Conference on Human Factors in Computing Systems
(San Jose, California, USA) (CHI ’16). Association for Computing Machinery, New
York, NY, USA, 5658-5664. https://doi.org/10.1145/2858036.2858360

(62

[63

(64

[65

[66

[67

[68

A PROMPT USED FOR GPT MODEL

Here is an exact prompt used to generate contextual information
for image-based diaries:

“You are an experienced diary study researcher. You are con-
ducting a diary study right now, and when you receive the data
captured by the participant, you need to help the participant to
record some contextual information. These contextual information
will be used as the cues for the participant to recall the event. In
this way, we could collect more useful and abundant information
from the participant in the interview after the logging period. Now,
in the logging period, one participant capture one image as one
diary entry. The objects detected in this image are [list of objects]
(ranked by the decreasing order of confidence). The description
of this image is [textual description]. Please predict the following
contextual information based on the aforementioned information:

Location: predict three possible point of interest locations, you
could use the point of interest location categories in Google Maps
or some other location-based service apps.

Emotion: select only one from these three categories, Positive,
Neutral and Negative, please keep the same spelling.

People: select only one from these five categories, Alone, Fami-
lies, Friends, Colleagues and Acquaintances, please keep the same
spelling.

Junze Li et al.

Activity: give six descriptions of the six possible activities in this
scenario (give more details for each activity, but each description
should be less than 151 characters).

Finally please output these information in English in valid JSON
format. And the value for the Location and Activity should be a list
of three and six elements respectively.

EXAMPLE: {"Location": [Library, Workspace, Meeting room], "Emo-
tion": Positive, "People”: Colleague, "Activity": [Working on laptop and
taking notes, Studying or doing research, Planning or organizing
tasks for the day, Preparing a meeting, Watching a academic seminar,
Discussing the current project]}’

B FIGURES AND TABLES

We present Figure 6 and Table 7-11 to support the result analysis
in Section 5.
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Figure 6: The average recordings per day during one week.


https://doi.org/10.1017/S0140525X0004440X
https://doi.org/10.1145/3491101.3503577
https://doi.org/10.1145/1899475.1899496
https://doi.org/10.1145/1125451.1125720
https://doi.org/10.1109/IV.2007.48
https://doi.org/10.1177/109019819702400309
https://arxiv.org/abs/https://doi.org/10.1177/109019819702400309
https://doi.org/10.1145/2556288.2557192
https://doi.org/10.1145/2858036.2858360

DiaryHelper CHI ’24, May 11-16, 2024, Honolulu, HI, USA
Table 7: The statistical analysis of the amount of contextual information contained in diary entries for the Baseline system and

DiaryHelper using the Wilcoxon rank-sum test, where the p-value (-: p >.100, +: .050 < p < .100, *:p <.050, **:p <.010, ***:p <

.001) is reported. Effect size with large or moderate magnitude is bolded.

Categor Baseline  DiaryHelper Statistics Hvpothesis
gory Mean(SD.) Mean(SD.) W  p-value Sig. Eff. Size yP
Time 0.93(0.70) 0.55(0.53) 3.11 0.002 * 0.60 Acc.
Location  0.66(0.89)  0.67(0.91)  0.05 0959 -  0.004 Rej.
Emotion  0.48(0.73)  0.36(0.64) 077  0.440 - 0.17 Rej.
People  0.83(0.75)  0.80(0.79) 030  0.766 - 0.04 Rej.
Activity ~ 1.23(0.44)  1.17(0.42) 057 0566 - 0.12 Rej.
Total  4.13(1.83)  3.55(1.74)  1.83  0.067  + 0.32 Rej.

Table 8: The statistical analysis of the amount of contextual information contained in diary entries for the Baseline system
between two counterbalanced groups using the Wilcoxon rank-sum test, where the p-value (-: p > .100, +: .050 < p <.100, *:p <

.050, **:p <.010, ***:p < .001) is reported. Effect size with large or moderate magnitude is bolded.

Catesor G1 Baseline G2 Baseline Statistics Hvpothesis
gory Mean(S.D.) Mean(S.D.) W p-value Sig. Eff. Size yp
Time 0.97(0.71)  0.86(0.69) 0.64 0525 - 0.16 Rej.
Location  0.75(0.92)  0.46(0.78) 118 0240 - 0.32 Rej.
Emotion  0.48(0.79)  0.46(0.57) 046  0.638 - 0.03 Rej.
People  0.83(0.78)  0.82(0.66) 0.08 0936 - 0.01 Rej.
Activity  1.33(047)  1.00(0.27) 241 0016  * 0.78 Acc.
Total 436(1.96)  3.61(1.32) 152 0129 - 0.42 Rej.

Table 9: The statistical analysis of the amount of contextual information contained in diary entries for the DiaryHelper system
between two counterbalanced groups using the Wilcoxon rank-sum test, where the p-value (-: p > .100, +: .050 < p <.100, *:p <

.050, **:p <.010, ***:p < .001) is reported. Effect size with large or moderate magnitude is bolded.

Catesor G1 DiaryHelper G2 DiaryHelper Statistics Hvpothesis
gory Mean(S.D.) Mean(S.D.) W p-value Sig. Eff. Size yP
Time 0.63(0.48) 0.47(0.55) 121 0228 - 0.30 Rej.
Location 0.97(0.97) 0.35(0.72) 233 0020 @ * 0.71 Acc.
Emotion 0.31(0.67) 0.41(0.60) 0.89 0374 - 0.15 Rej.
People 0.86(0.72) 0.74(0.85) 076 0446 - 0.15 Rej.
Activity 1.11(0.32) 1.24(0.49) 089 0374 - 0.29 Rej.
Total 3.89(1.43) 3.21(1.95) 1.88  0.060  + 0.39 Rej.

Table 10: The statistical analysis of recall evaluation for the Baseline system between two counterbalanced groups using the
Wilcoxon rank-sum test, where the p-value (-: p > .100, +: .050 < p <.100, *:p <.050, “*:p <.010, ***:p <.001) is reported. Effect size

with large or moderate magnitude is bolded.

G1 Baseline

G2 Baseline

Statistics

Category Mean(S.D.) Mean(SD) W  p-value Sig. Eff. Size Hypothesis
Time 1.07(0.69)  1.000.57) 052  0.603 - 0.11 Rej.
Location  0.93(0.86)  0.59(0.72) 173  0.084  + 0.40 Rej.
Emotion  0.76(0.86)  0.73(0.76)  0.03  0.973 - 0.04 Rej.
People  1.13(0.63)  0.81(0.83) 197 0049  * 0.45 Acc.
Activity  1.62(0.49)  1.49(0.50) 1.11 0268 - 0.26 Rej.
Total 551(1.87)  4.62(223) 204 0041 % 0.44 Acc.
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Table 11: The statistical analysis of recall evaluation for the DiaryHelper system between two counterbalanced groups using
the Wilcoxon rank-sum test, where the p-value (-: p >.100, +:.050 < p <.100, *:p < .050, **:p <.010, ***:p < .001) is reported. Effect
size with large or moderate magnitude is bolded.

Catesor G1 DiaryHelper G2 DiaryHelper Statistics Hvpothesis
gory Mean(S.D.) Mean(S.D.) W p-value Sig. Eff. Size yP
Time 1.14(0.46) 0.97(0.65) 1.20 0.230 - 0.29 Re;j.
Location 1.65(0.57) 1.21(0.83) 240 0016 * 0.59 Acc.
Emotion 0.98(0.88) 1.13(0.90) 082 0413 - 0.17 Rej.
People 1.51(0.50) 1.33(0.76) 079 0428 - 0.27 Rej.
Activity 1.74(0.44) 1.72(0.45) 020 0843 - 0.05 Rej.
Total 7.02(1.36) 6.36(1.87) 169 0091  + 0.39 Rej.
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