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Abstract
The design of collaborative personal informatics (PI) has shifted
its focus from using one’s own data to integrating others’ data
to enhance self-understanding. In this trend, understanding the
effectiveness of the two data sources in facilitating personal in-
sights becomes essential, as a comprehensive understanding of
self-understanding requires insights from both individual and in-
terpersonal perspectives. While recent studies have suggested the
potential role of others’ data as a reflective medium to generate
personal insights, little is understood about its distinctive effective-
ness in personal insights generated compared to one’s own data.
To address this gap, we conducted a crowdsourced study involving
two participant groups (N1=N2=60) in a data-informed reflection
task: Data Providers (DP) reflecting on their own data; Non-Data
Providers (NDP) reflecting on the data provided by DP. Analyzing
the textual responses, we assess the reflection levels, self-disclosure
levels, and characteristics of personal insights. Our findings uncover
that others’ data possess a comparable effectiveness in facilitating
reflection and self-disclosure of personal thoughts and feelings.
Others’ data displays a strength in supporting value judgments,
while one’s own data excels in enhancing behavioral awareness.
This research sheds light on the design of collaborative PI, offering
insights into how to leverage the benefits while mitigating the dis-
advantages of both data sources to enhance the self-understanding.
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1 Introduction
Recent research in HCI has witnessed an increase in the design
of collaborative Personal Informatics (PI) systems. In contrast to
the common assumption in PI that an individual’s knowledge of
their personal data facilitates generation of personal insights, recent
practices have shifted towards involving others’ data to enhance
reflection on one’s own experiences. This integration of other’s
data extends to various practices, including incorporating family
members’ data for providing social and contextual information [58,
66], integrating cohorts’ data to compare related behaviors [30, 50,
59], and curating personal data online to stimulate commenting
and reflecting on personal experiences [1, 19, 33, 51].

Apart from developing practical approaches for making sense
of data, it is important to deepen our understanding of the ef-
fectiveness of different data sources in facilitating constructing
comprehensive self-knowledge [39, 54]. Different data sources pos-
sess various effectiveness for generating personal insights [6, 39],
which contribute to the description of different self-images [61].
To achieve a comprehensive self-understanding, it is necessary to
consider not only self-images arising from personal experiences
spanning the past, present, and future, but also those emanating
from interpersonal interactions [60, 61]. Understanding the effec-
tiveness of different data sources for personal insights generation
is especially relevant in the context of contemporary PI systems
that prioritize comprehensive self-understanding through the inte-
gration of others’ data [15, 30].

However, prior work in PI has primarily focused on under-
standing the effectiveness of one’s data in facilitating personal
insights generation. This has led to a concentration on under-
standing the reflection process and outcomes related to one’s own
data [17, 18, 53, 69], such as investigating the reflection levels
and insight-gaining patterns through visual exploration of one’s
data [17] and characterizing types of personal insights derived from
making sense of personal data individually [17, 18]. In terms of oth-
ers’ data, recent work has suggested that it can serve as digital
representations of individuals for subjective analysis [49] and pro-
mote the construction of personal narrative through interpretation
and remembrances [24, 32], as opposed to providing an objective
truth. Thus, engaging with others’ data not only aids in analyzing al-
ternative self-images from an interpersonal perspective [31, 61] but
also enriches the self-image by introducing intricate personal narra-
tives constructed through (mis)interpreting and (mis)remembering
prompted by data [32, 35].While those insights suggested the poten-
tial role of others’ data in the reflective process, an understanding
of how insights generated from others’ data differ from those gen-
erated from one’s own data is missing. In this study, we pose the
following research question:
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RQ: How do the personal insights generated by making
sense of and reflecting on others’ data differ from those de-
rived from one’s own data?

We conducted a study involving a data-informed reflection task
wherein participants make sense of sleep data and reflect upon their
experiences, via a crowdsourcing platform. We focused on sleep
as a context due to the popularity of sleep trackers [22, 43] and
prevalent discussions in both online forums [42] and interpersonal
Personal Informatics (PI) [58]. We recruited a total of 𝑁 = 120
participants evenly distributed into two groups: Data Providers
(𝑁 = 60) and Non-Data Providers (𝑁 = 60). Data Providers (DP)
comprised participants who were sleep trackers and submitted a
screenshot of their sleep data. Non-Data Providers (NDP) were
participants who did not submit their sleep data but reported prior
experiences in sleep data collection and an interest in understand-
ing their sleep patterns through data. To assess the effectiveness
in facilitating personal insights and privacy concerns related to
disclosing personal information with data, we systematically evalu-
ated the reflection level, self-disclosure level, and types of insights
derived from responses of both DP and NDP.

Our results are threefold. First, others’ data possesses compara-
ble efficacy to one’s data in facilitating reflective description and
dialogic reflection, as well as disclosing personal thoughts, and feel-
ings. Second, others’ data demonstrates greater efficacy in assisting
individuals in expressing their value judgment by articulating per-
ceptions, attitudes, and opinions. Conversely, one’s own data proves
more beneficial in enhancing individuals’ awareness of their past
behavior, particularly in the reconsideration of self-assumptions.
Finally, DP tended to generate insights by comparing their self-
cognition with data, while NDP tended to compare and interpret
other’s data to invoke the recall and recognition of their past experi-
ences. These findings underscore the significant role of others’ data
in fostering reflection, and articulate the distinct effectiveness of
others’ data versus one’s own data in generating personal insights.
We provide guidance on leveraging the strengths and mitigating
the disadvantages of the two data sources in generating personal
insights. We discuss the implications for the design of collaborative
PI systems for enhanced insight generation.

2 Related Work
2.1 Collaboration in Personal Informatics
A growing body of literature in HCI explores the design of col-
laborative Personal Informatics (PI) [20, 41]. One of the notable
shifts is from personal health informatics to family health infor-
matics, where the personal data of family members becomes a
valuable resource to provide social and contextual information for
understanding the interconnected relationship between each fam-
ily member’s behaviors [45, 58, 66]. Furthermore, several studies
have embraced the inclusion of others’ data as a comparative tool
for participants, facilitating the identification of behavioral differ-
ences and thereby enriching reflective insights [30, 59]. There is
also a rise in online co-curation of personal data, stimulating shar-
ing and reflection on personal experiences [19, 27, 33]. Making
sense of and commenting on others’ personal data, especially peers
who share related experiences, has proven beneficial in enhanc-
ing participants’ understanding of their own experiences and in

promoting the management of well-being and chronic symptoms
[1, 19, 33, 51]. In addition, within these collaborative contexts, self-
disclosing personal information, thought and feeling upon personal
data is a default activity, which benefits a reciprocal process for
people to increase self-knowledge and gain emotional support [26].
Prior research has revealed that multiple factors related to data,
such as information level [25], post content [26], and presentation
style [27], can influence the disclosure of personal data and related
experiences.

Apart from exploring the utilization of others’ data, it is also
crucial to understand the effectiveness of various data sources in fa-
cilitating the generation of personal insights [39]. Previous research
has emphasized that within a multi-faceted data flow, insights de-
rived from certain data are considered more valuable than others
[6, 39]. For example, the more “obvious” insights generated from
data, such as “being happier onweekends,” provideminimal value in
enhancing self-knowledge [6]. Especially for constructing compre-
hensive self-understanding, it becomes essential to derive personal
insights from data that describe multi-faced self-images, includ-
ing those arise from personal experiences spanning past, present
and future, as well as from interpersonal interactions[61]. Thus,
it is important to have a deeper understanding of the different ef-
fectiveness of others’ data and one’s data in facilitating personal
insights, especially for contemporary PIsystems that prioritize com-
prehensive self-understanding through the integration of others’
data.

2.2 Sensemaking and Reflection on Personal
Data

In the realm of personal visualization and Personal Informatics,
making sense of and reflecting on personal data a pivotal activity
that empowers individuals to gain personal insights, thus increasing
self-knowledge and potentially enacting behavioral changes [15,
17, 18, 47]. In personal visualization, making sense of personal data
through visual exploration is the essential approach to facilitate self-
reflection [17, 18]. In line with that,Li et al. [47] proposed a model
where reflection is an integral part of a comprehensive five-stage
process (Preparation, Collection, Integration, Reflection, and Action)
where individuals make sense of personal data visualizations to
generate insights. While the later models emphasized that reflection
happens associated with the lived experiences, making sense of
personal data (and visualization) remains a key activity to provide
reflective material [28].

Numerous studies in personal visualization and personal infor-
matics have investigated the value of one’s own personal data in
supporting reflection [15, 21–23]. Within this domain, researchers
have delved into understanding the reflective process and its out-
comes. For instance, Choe et al. [17] applied a taxonomy of five
reflection levels to investigate how visual exploration on one’s own
data support reflection. Their study revealed that visual exploration
on one’s own personal data predominantly facilitates description
(R0) and descriptive reflection - the two low levels of reflection refer
to revisiting of past experiences and revisiting with an explanation
of past experiences, respectively. Furthermore, they also observed
emergence of dialogical reflection (R2), which refers to the explo-
ration of relationships among ideas and experiences with the aim
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of deriving generalizations and attaining. The transformative reflec-
tion (R3)-characterized by questioning initial self-assumptions and
shifts in fundamental self-understanding or behavioral practices
and the critical reflection (R4) referring to reflecting on aspects that
transcend the immediate context (e.g., social and ethical issues)
appeared to be rare. In addition, their findings underscore that data
serves a dual role in reflection process: recalling past behaviors as
well as external contexts and prompting new questions for further
exploration. Furthermore, a few studies investigate the type of per-
sonal insights. For instance, Choe et al. [18] proposed a framework
to examine the characteristics of personal insight as an outcome of
self-reflection.

In this study, we extend the exploration of reflective practices to
encompass the reflection on others’ data. We adopted the reflection
taxonomy and characteristics of personal insights from previous
works [17, 18] when considering the effects of reflecting upon
others’ data against one’s own data.

2.3 The Authority of Data
Personal informatics and other widespread uses of data in soci-
ety have prompted research inquiries into the authority of data,
questioning the unique power of insights derived from data (and
visualization) and how they complement other types of insights.
One perspective, rooted in the concept of “data doubles” [65], posits
that personal data serves as a digital representation of individuals,
which is not a source of objective truth but amenable to figurative
reconstruction for subjective purposes like personal reflection and
interaction. Any attempt to define a meaning from data involves
the performance of agential cut, where people separate data into
elements or characters from a dataset according to their subjec-
tive conceptual boundaries [49]. Furthermore, Rapp and Tirassa
[61] suggested that involving alternative perspectives, such as pre-
senting personal data of others, can boost the empathy toward
one’s own experiences. This, in turn, contributes to the creation
of interconnected self-images of oneself that come from the social
interactions, as one of the four facets of thyself. We reference these
perspectives to suggest that alternative sources of personal data,
such as that of others, can be considered as material for constructing
self-identity.

Moving beyond exploring the analytic value of personal data,
recent studies adopt a different perspective, viewing it as a creative
and communicative artifact that facilitates the construction and
elicitation of personal narratives through (mis)interpretations. For
instance, Gulotta et al. [35]’s “Curatorial Agents” reveals differences
between human-created and machine-created interpretations of
data, and points out that these differences can be productive and that
misinterpretations (and mis-remembrances) are important phases
in how people create and share the narratives of their lives. In the
“Metadating” project, researchers organized a speed dating event
where participants crafted and exchanged data profiles containing
various types of data, including entirely accurate data collected
by tracking devices, estimated data, and fabricated data [24]. It
illustrates the concept that data can function as a “creative material”
with its unique “social life,” departing from its conventional role
as a source of objective truth. Similarly, Friske et al. [32]’s project
involves two participants creating and interpreting each other’s

knitted data representation, revealing that developing one true
narrative towards multiple narratives from data equally informs
both participants in understanding the data.

The above insights suggest that others’ data has the potential to
facilitate reflection, serving as a medium to provide resources for
subjective analysis of past behavior and promoting the construction
of personal data narratives through (mis)interpretation. Despite
these findings, little is known about the distinctive effectiveness
of others’ data in generating personal insights. Our work sets out
to address this gap, by delving into a comparative study on un-
derstanding the differences in the reflection levels, self-disclosure
levels, and characteristics of personal insights derived from one’s
own data and others’ data.

3 Study
In this study, we aim to understand the different effectiveness of
one’s own data and others’ data in facilitating personal insights
generation. We conducted a between-subject study using the crowd-
sourcing platform Prolific, recruiting two groups of crowd-workers
(𝑁 = 120, 𝑁𝐷𝑃 = 60, 𝑁𝑁𝐷𝑃 = 60). The Data providers (DP) com-
prised sleep tracker participants who submitted a screenshot of
their sleep data, while the Non-Data Providers (NDP) did not pro-
vide data, but had experiences in sleep data collection and expressed
an interest in understanding their sleep through data. Both groups
engaged in a data-informed reflection task (see section 3.4) where
they provided reflective responses in textual format by making
sense of their own data and others’ data respectively. Employing a
combination of quantitative and qualitative methods, we systemati-
cally characterized the mechanisms and outcomes of sensemaking
and reflection on both one’s own data and others’ data.

3.1 Study Context
We conducted the study in the context of sleep for twomain reasons.
Firstly, sleep is a dual-natured activity—partially a bodily process
beyond conscious control, and partially a self-conscious activity in-
fluenced by daily routines and social family activities [14, 42]. This
dichotomy has sparked extensive discussions within online com-
munities [42] and interpersonal PI [58], wherein people share their
sleep experiences, offer collaborative support, and gain a deeper
understanding of bodily issues. Secondly, sleep data is a common
data type that describes direct and simple human behaviors (e.g.,
asleep, awake) throughout the sleep process [43, 62], which is easy
to understand for both DP and NDP. Thus, it can serve as equitable
material for both DP and NDP to reflect upon their experiences.

We collected screenshots of Apple Health sleep data1 from DP as
reflection material for both DP and NDP (see the example in Figure
1 on the left-hand side). According to the informatics design guid-
ance for reflection [21], the Apple sleep data report is considered
good reflection material for the following reasons. 1) It uses bar
charts to represent sleep time with simple statistics (e.g., sleep goal,
average sleep time) of the past week, which is easy for both types
of participants to understand even at a glance. 2) The bar chart of
sleep time in the recent week is given in time series, which can
help participants notice and reflect on changes in their sleep time
that they might not perceive otherwise. 3) It includes all types of
1Apple Health: https://www.apple.com/ios/health/

https://www.apple.com/ios/health/
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Figure 1: Illustration of the data-informed reflection task for DP and NDP. The instructions on the top right slightly differ
(bold font) for DP and NDP, while the screenshot and questions are the same.

anchors to support various reflection levels such as average values
(e.g., average sleep time), extreme values (e.g., latest sleep time), and
patterns and trends (e.g., change of sleep time in one week). 4) The
Apple sleep data is sufficiently detailed yet rich enough, as it does
not record behaviors and experiences about which individuals may
have limited knowledge or may even be unaware of themselves.
For instance, other apps recording unconscious sleep behaviors
(e.g., sleep phases) are overly complex to make sense of, thus not
efficient in facilitating self-reflection.

3.2 Recruitment and Participants
We recruited 120 crowd workers (𝑁 = 120) through the crowd-
sourcing platform Prolific2, comprising 60 DP and 60 NDP. DP par-
ticipants were crowd workers who consistently tracked their sleep
using a wearable device every day in the week preceding the study.
Recognizing the diverse motivations behind (sleep) data collec-
tion [43, 56, 62], we welcomed crowd workers who had maintained
regular sleep data collection, rather than imposing constraints for
specific data collection purposes. NDP participants did not provide
their data, and they were individuals who reported prior experience
in collecting sleep data and interest in understanding their sleep
patterns through data. To further foster reflection, we categorized
DP and NDP into three 10-year age brackets (20-29, 30-39, 40-49).

2Prolific crowdsourcing platform: https://prolific.co

The recruitment criteria and grouping strategy for DP and NDP
were chosen to balance the complexity of providing meaningful
data for reflection and executing the experiment. Previous literature
has emphasized the importance of meaningfulness, which refers to
people’s interest in data and its relatedness to their lives, rather than
merely seeking familiarity between participants [44]. While prior
research often involves individuals with close relationships (e.g.,
family members and colleagues) to encourage reflection [42, 60],
given the challenge of recruiting participants in close relationships,
we argue that our selection of NDP is also valid. Self-trackers who
are not acquainted but share common interests and self-tracking
behaviors are considered to share a strong sense of relatedness in
PI research [1, 19, 37]. Individuals from the same group can offer
alternative perspectives in relating personal experiences and even
breaking social norms [1, 61]. As for the grouping strategy, we pri-
oritized the key factor - age - that affects sleep behavior [29, 48, 63],
considering the challenge of controlling multiple influencing fac-
tors (e.g., occupation, gender, and health condition). We specifically
grouped participants into 10-year age ranges, as prior sleep litera-
ture has considered 10 years a representative period for investigat-
ing the influence of age on sleep quality [48, 52]. Thus, grouping
participants by 10-year age ranges promotes the establishment of
connections and facilitates reflection.

https://prolific.co
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To ensure the recruitment criteria, we utilized two open-ended
questions for NDP to elicit explanations regarding 1) their past ex-
periences with data collection and 2) their motivations for reflecting
on their sleep patterns. Similarly, we employed an open-ended ques-
tion to inquire about DP’s data collection experiences and objectives.
After coding the responses to these questions, we observed that
among NDP, 45.3% had previously collected sleep data, while 54.7%
reported occasionally or regularly collecting sleep data presently.
The main motivations for data collection, identified for both DP
and NDP, included sleep management, daily activity management,
evening baby care-giving management, and illness management.

To ensure response quality and mitigate spam, participation was
restricted to workers with a minimum acceptance rate of 95%. More-
over, we exclusively recruited participants who were native English
speakers to ensure that NDP could comprehend the screenshots
collected from the DP. Participants were compensated at a rate of
8.00 pounds per hour, which was deemed competitive according to
the platform’s standards. Our institution’s Human Research Ethics
Committee and Privacy Team conducted a thorough review and
approved these activities.

3.3 Procedure
We divided the study into two phases.

• Phase 1a – Data uploading task, 3 minutes/ Data Provider.
We recruited DP and assigned them to capture and upload a
screenshot of their Apple sleep data. To guide DP through
the process, we provided detailed step-by-step instructions,
emphasizing the avoidance of personal identifiers in the
screenshots. As an incentive to enhance the likelihood of ob-
taining valid screenshots, a bonus of 0.5 pounds was offered.
This phase produced over 80 screenshots from DP, including
over 20 for each of the three age ranges. The first author
manually verified the validity of each data screenshot.

• Phase 1b – Data-informed reflection task, 15 minutes/ Data
Provider.We extended invitations to DP who had success-
fully provided valid screenshots in the previous phase 1a.
They were prompted to engage in a 15-minute data-informed
reflection task (see details in Section 3.4). First, they were
asked to explain their motivation for collecting sleep data
by answering an open-ended question. Then, they were
prompted to make sense of their Apple sleep data (screenshot
provided in Phase 1a) and disclose their sleep experiences
by answering the open-ended reflective questions. The re-
sponse rate was generally high, with only a small fraction
of DPs not responding to our invitation. Upon collecting
60 responses from DPs, we concluded this task. This phase
yielded a total of 60 responses from DP, consisting of 20
responses in each of the three age ranges.

• Phase 2 – Data-informed reflection task, 15 minutes/ Non-
Data Provider. In this phase, we called for NDP to execute
the data-informed reflection task (see details in Section 3.4).
To ensure that NDPs met the study requirements, we first
asked them to report their past experiences in collecting
sleep data and their motivation for reflecting on their sleep
via two open-ended questions. Subsequently, presented with
a randomly selected data screenshot from a DP (Phase 1)

within the same age range, NDP were encouraged to utilize
this screenshot to reflect on and share their own past sleep
experiences by responding to the reflective questions. The
quality of responses was assessed manually by the first au-
thor. Three responses were excluded from participants who
reported no prior data collection experiences and lacked
interest in understanding sleep, while two responses were
discarded due to low-quality input in the reflective questions
(primarily consisting of short answers with only 5 words in
all questions). After recruiting 5 more participants to execute
the task, this phase yielded 60 responses from NDP.

Participants completed all tasks via a web platform we developed
in Python Django and hosted on [Author’s University]’s servers.
Before each task, we provided participants with a consent form
describing the task in detail, the expected completion time, and the
appropriate data-sharing policies. For DP, we specifically included
a clause for sharing their anonymized data screenshot with other
crowd workers. Finally, we scrutinized data submissions at each
phase to ensure the anonymity of provided screenshots and written
text.

3.4 Data-informed Reflection Task Design
The data-informed reflection task involves participants making
sense of and reflecting upon sleep data by responding to open-ended
reflective questions (see Figure 2). Recognizing that establishing
a rationale for reflection is crucial for directing reflection toward
the intended outcome [31], distinct instructions with two different
purposes were provided to DP and NDP participants, accompanied
by a screenshot of sleep data (see top right of Figure 1). DP were
instructed to reflect on their own sleep data and disclose their own
sleep experiences. In contrast, NDP were prompted to make sense
of someone else’s sleep data but disclose and reflect on their own
sleep experiences.

Both DP and NDP were presented with the same open-ended
questions (Figure 2) to reflect on and disclose their feelings and ex-
periences of sleep. We carefully designed these reflective questions
by striking a balance between providing guidance and allowing
freedom to facilitate reflection. This decision is informed by prior lit-
erature emphasizing that reflection often requires explicit guidance
rather than occurring naturally [7, 31].

First, we chose open-ended questions to support data sensemak-
ing and reflection. Open-ended questions provide a standard and
flexible way to explicitly guide and structure reflection [21, 31].
They prompt participants to specifically consider issues relevant
to achieving the intended purpose of reflection while allowing for
dynamic levels of reflection. Furthermore, we intentionally divided
the reflection questions into sub-questions to guide participants
from lower levels to higher levels of reflection. Specifically, the first
sub-questions are designed for participants to identify data patterns
from the visualization, responding to reflection levels from lower
(R0, R1). The second sub-questions are designed to prompt people to
relate the identified data patterns with their personal experiences,
responding to higher reflection levels (R2, R3). This decision is in-
formed by prior literature highlighting higher levels of reflection
are usually supported and prepared by the lower levels of reflec-
tion [31]. In addition, we avoided incorporating reflection level R4
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A. Have a look at the Sleep Goal, Average Time in Bed and Average Time Asleep in the screenshot and answer the following questions.
• Describe what data triggers you. For instance, what data helps you recall or realize your past sleep experiences? Or what data do you find interesting,
surprising or encouraging? (at least 20 words)

• Why does the data trigger you? For instance, what information does the data recall you? Or why do you find the data interesting, surprising or encouraging?
Please relate to your sleep experience and tell us more. (at least 40 words)

B. Have a look at the sleep trend and pattern in the bar chart and answer the following questions.
• Describe what data triggers you. For instance, what data helps you recall or realize your past sleep experiences? Or what data do you find interesting,
surprising or encouraging? (at least 20 words)

• Why does the data trigger you? For instance, what information does the data recall you? Or why do you find the data interesting, surprising or encouraging?
Please relate to your sleep experience and tell us more. (at least 40 words)

C. Have a look at the latest sleep time and earliest wake-up time in the bar chart and answer the following questions.
• Over the recent month, do you usually sleep at the latest sleep time or earliest wake-up time in the screenshot? If you did, what were the reasons for going
late to bed or waking up early on that day(s)? If you didn’t, please tell us why you do not sleep or wake up at these times? Please mention yes or no at the
beginning of your answer(at least 40 words).

Figure 2: The reflective question list for DP and NDP

(the highest), as it tends to be excessively abstract and detached
from real-life scenarios [31]. Figure 2 provides detailed informa-
tion on our list of three reflective questions in the data-informed
reflection task.

• Question A: This question started by prompting users to
identify patterns in their overall sleep data (e.g., sleep goal,
average time in bed, and average time asleep), providing an
overview of their sleep experiences. The first sub-question
aims to guide participants in identifying and explaining trig-
gering data points that capture their behaviors, correspond-
ing to description(R0) and descriptive reflection(R1). Sample
questions are provided to further specify our intention. The
second sub-question is designed to elicit the reasons behind
participants’ identified or recalled behaviors. By encompass-
ing the overall data, this question investigates people’s goals
and plans, which can encourage reflection not only on the
relationship between experiences but also on behavioral
change [67], responding to the levels of dialogic reflection
(R2) and transformative reflection (R3). Sample questions are
also provided to give further detailed instructions.

• Question B: This question began by inquiring about detailed
sleep data (e.g., sleep trends and patterns) that represented a
more concrete picture of sleep behaviors. Similar to Question
A, the first sub-question was designed to guide participants
in identifying and explaining data patterns that drew their
attention, while the second sub-question prompted partic-
ipants to provide reasons behind the identified or recalled
behaviors. Considering the use of sleep data patterns and
trends as anchors, the second sub-question can encourage
participants to reason about the relationships within multi-
ple experiences [6], responding to dialogic reflection (R2).

• Question C: This question utilized outlier data (e.g., latest
sleep time and earliest sleep time) as an anchor to guide re-
flection. The first sub-question ("Over the recent month, do
you usually sleep at the latest sleep time or earliest wake-up
time in the screenshot?") prompted participants to identify
extreme data points and recall their past experiences beyond

the presented data, addressing description (R0) and descrip-
tive reflection (R1). Inquiring about the reasons behind these
extreme behaviors, the follow-up questions encouraged par-
ticipants to delve into detailed context and information in
interpreting and relating the data [6], fostering dialogic Re-
flection (R2).

3.5 Data Analysis
We collected textual responses from the data-informed reflections
on sleep provided by DP and NDP. By employing a combination of
quantitative and qualitative methods, we analyze reflection levels,
self-disclosure levels to understand the effectiveness of two data
sources as reflective medium. In addition, we analyzed the self-
disclosure level to gain insights into the influence of different data
sources on people’s disclosure of personal information, thoughts,
and feelings.

In the first round of analysis, we aimed to gain an overview of
the difference in reflection and self-disclosure levels between DP
and NDP. The first two authors coded the collected annotation by
applying the frameworks of Fleck and Fitzpatrick [31] and Barak
and Gluck-Ofri [4] to identify reflection and self-disclosure levels.
We specifically applied the self-disclosure framework proposed
by Barak and Gluck-Ofri [4], as it is designed and widely adopted
for analyzing self-disclosure in the online environment. For each
participant, we rated the reflection and self-disclosure level three
times, corresponding to the answers to the three questions. The
first two authors coded 30% of the reflections separately and then
resolved disagreements through discussions. After agreeing on the
first 30% of the codes, they independently coded the remaining
reflections, compared their codes, and discussed possible revisions.
This process resulted in final inter-rater reliability of 98%. Notice
that we did not evaluate R0, due to the fact that R0 involves the
recall of past experiences without further explanation, a subtlety
that can be challenging to observe and distinguish from the text
responses. We also excluded the evaluation of R4, as it refer to the
reflection on social and ethical aspects that is rare. Table 1 and 2
provides examples quotes for reflection and self-disclosure levels.
Finally, we compared the distribution of reflection and disclosure
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Table 1: Example Quotes Categorized by Reflection Level

Reflection Level Example Quote

Reflective Description (R1) "No, I usually sleep very late. Mainly past midnight. I find myself very busy during the day with my children,
housework, and jobs. By the time I got chilled time to myself, it is quite late already." NDP22(30-39)

Dialogic Reflection (R2) "My bedtime is inconsistent and a lot of nights I have broken sleep. I carry out most of my work in the evenings
and I need some time to wind down before bed. I also have a young child who doesn’t always sleep well. I need
to be up by 7am to get him ready for school." DP3(40-49)

Transformative Reflection (R3) "I’m in bed for an average of 8 hours 42 minutes. I think I should not be on my phone before I go to bed and
wake up at 9. Or I need to change my alarm to wake me up at 9." DP7(30-39)

Table 2: Example Quotes Categorized by Self-Disclosure Level

Self-Disclosure Level Information Thoughts Feelings

No self-disclosure "Within a short time, the person falls
asleep and then wakes up. They get out
of bed straightforwardly." NDP60(40-49)

"This person got less sleep on Sunday,
potentially because they do not have a
strict schedule onweekdays." NDP11(20-
29)

"I keep a consistent rhythm with sleep.
The graph really shows that. I don’t
know what else to say." DP37(30-39)

Little self-disclosure "I think the difference between my time
in bed and my sleep time is a lot bigger
than this data shows." NDP29(30-39)

"I know I sleep badly. This data just
proves it." DP24(30-39)

"It is frustrating to see tangibly the ef-
fect of commuting and being in the of-
fice on my sleep and life." DP35(30-39)

High self-disclosure "I take medicine at night, and I have to
eat something before taking it. This can
sometimes push my bedtime too late."
DP13(30-39)

"I think I need to adjust my bedtime
to 11 p.m., or maybe stay active until
around 10 p.m." DP33(30-39)

"I wake up frequently during the night
because I have a young child waking
throughout the night. It is depressing
to see the actual gaps in my sleep."
DP31(30-39)

levels of the two participant groups, and calculated the p-values
using a Mann-Whitney-U test.

In the second round of analysis, we combined inductive and
deductive coding based on the data-driven personal insights cat-
egories [16, 17], to understand the types of personal insights par-
ticipants gained from data-informed reflection. For example, we
extracted the following piece of annotation from DP2:“I have been
sleeping a little less than the recommended 8 hours and it mentally
shows. I would like to get at least 8 hours and not.” This quote in-
volves two types of insights: confirmation (“...it mentally shows...”)
and against external data (“less than the recommended 8 hours” ).
The two first authors separately coded the first 30% of the reflec-
tions. Then, they discussed discrepancies, revised and expanded the
existing categories until they reached an agreement of 90%, thereby
creating a new coding scheme of personal insight categories. After
this step, the first author applied the coding theme to the rest of the
annotations, generated the final coding theme of personal insight
categories after several iterations.

4 Results
This section presents our results, mapping differences and simili-
tudes between Data Providers (DP) who reflect on their data from
Non-Data Providers (NDP) who reflect on others’ data.

4.1 Reflection Levels
We observed no significant difference in the average reflection
levels between the answers from the two participant groups (Mann-
Whitney𝑈 = 15945, 𝑁𝐷𝑃 = 𝑁𝑁𝐷𝑃 = 60, 𝑝-𝑣𝑎𝑙𝑢𝑒 > .05, two-tailed).
To further compare the distribution of reflection levels between
the two groups, Table 3 shows the proportion of answers provided
by DP and NDP at each reflection level. We observed that the
answers of DP are relatively balanced across all three reflection
levels, with more answers given at the R1 level than those at the
R2 and R3 levels. On the other hand, NDP answers show a more
skewed distribution: answers at the R2 level (𝑁𝐷𝑃𝑅2 = 60%) are
significantly more than the others, very few answers are found at
the R3 level (𝑁𝐷𝑃𝑅3 = 8.33%).

These results indicate that 1) DP can reflect at all three levels,
describing and explaining past behaviors and experiences, recon-
sidering self-assumptions, and new insights. In contrast, NDP can
only reflect at the levels of R1 and R2, lacking consideration of
personal assumption and intention to change behavior (R3). 1) DP
provide more direct descriptions and explanations of experience
without exploring alternate explanations (R1), whereas NDP tend
to explain the relationships between experiences and other points
of view (R2).

4.2 Disclosure Level
We now compare the types (information, thoughts and feelings) and
the degree (no, little or high) of disclosure of answers by DP and
NDP. Overall, DP shows a significantly higher degree of information
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Reflective
Description (R1)

Dialogic
Reflection (R2)

Transformative
Reflection (R3)

DP 44.44% 27.78% 27.78%
NDP 31.67% 60.00% 8.33%

Table 3: Distribution of reflection levels

Information Thoughts Feelings
No Little High No Little High No Little High

DP 0.00% 17.28% 82.72% 44.44% 29.01% 26.54% 67.90% 30.86% 1.23%
NDP 2.47% 28.40% 69.14% 43.21% 30.86% 25.93% 75.31% 24.07% 0.62%
Table 4: Distribution of disclosure degrees of information, thoughts and feelings

disclosure than NDP (Mann-Whitney𝑈 = 13962.5, 𝑁𝐷𝑃 = 𝑁𝑁𝐷𝑃 =

60, 𝑝-𝑣𝑎𝑙𝑢𝑒 < .05, two-tailed), but no significant difference in the
degrees of thoughts (Mann-Whitney 𝑈 = 16044, 𝑁𝐷𝑃 = 𝑁𝑁𝐷𝑃 =

60, 𝑝-𝑣𝑎𝑙𝑢𝑒 > .05, two-tailed) or feelings (Mann-Whitney 𝑈 =

15282.5, 𝑁𝐷𝑃 = 𝑁𝑁𝐷𝑃 = 60, 𝑝-𝑣𝑎𝑙𝑢𝑒 > .05, two-tailed) disclosure.
Table 4 shows the degree distribution of answers given by DP and
NDP across all three disclosure types. We observed similar degree
distribution of DP and NDP answers for all three disclosure types,
except for a slightly higher degree of DP in disclosing information.

These results suggest that DP and NDP have a comparable ten-
dency to disclose personal thoughts and feelings. The only differ-
ence is that DP has a slightly stronger tendency to provide detailed
personal information such as past behaviors and personal context.

4.3 Different Insight Types
To classify insights by types in the directed content analysis, we
enriched the classification of Choe et al. [17] to include the dif-
ferent insight types for DP and NDP, summarized in Table 5. We
start by enriching the insight type of recall, which covers insights
generated by recalling past behaviors and events not captured by
data. Next, we refined the previous sub-insight type external data
from Choe et al. [17] with behavioral description, reasoning,
and life events and justification with external data which both
DP and NDP share. Then specifically to NDP, we identified the
sub-types difference and similitude while reserving the original
confirmation and contradiction of Choe et al. [17] for DP. We refined
the value judgment type by distinguishing between the judgment
over subjects, namely data judgment and behavioral judgment.
Finally, we added Behavioral awareness as a new insight type for
both DP and NDP.

With this extended classification, we identified close numbers
of insights for both DP (720 insights, average=12/person) and NDP
(600 insights, average=10/person). We characterize nuances in the
following.

4.3.1 Different composition of recall. Recall is the most frequent
insight type and its amount is similar for both DP and NDP. DP
generated 242 recall insights while NDP generated 253 insights,
accounting respectively for 37.6% and 43.5% of the total amount of
insights. Despite this similar amount of recall insights, sub-insights
compositions differ between DP and NDP. Only DP generate the
sub-insight of life events, contradiction and confirmation, and they

also create more sub-insights of behavioral description (105 insights
for DP, 80 insights for NDP). NDP generated a fair amount of sub-
insight difference (87 insights for NDP) and similitude (50 insights
for NDP). As shown below, NDP7 explain their early wake-up time
by comparing it to the late sleep time of the DP.

Difference: “I find the data surprising that someone is going to
bed so late and waking up late in the day. I have to wake at 6 am
every day to get ready for the day and do household chores.” NDP7
(20-39)

Similitude: “The average time in bed and average time asleep
triggers me as I am very similar in that it will take me a while to fall
asleep, despite actually being in bed. However, it is encouraging to
know I am not alone in this.” NDP17 (20-29)

It indicates that both DP and NDP can use data as an anchor to
recall their past behaviors. DP recall their memory of past events,
behavior, and experiences directly triggered by data. In contrast,
NDP recall their past behaviors by comparing with the behavior
represented by data through the identification of differences and
similitude.

4.3.2 NDP express stronger judgment. We identified two distinct
sub-insights under Value Judgment: behavioral judgment and data
judgment. These two sub-insights delineate between the subjects
of judgments, with Behavioral judgment conveying positive and
negative perceptions, attitudes or opinions about the behavior rep-
resented by data, and data judgment expressing a perception on
the value of the data itself. Our analysis reveals that DP tended to
comment on their own data and share opinions directly.

Data judgment: “Analyzing the data is always helpful when you
look at it in the big picture. The data helps to understand sleep patterns
and helps to show how I can improve my sleep.” DP47 (40-49)

NDP express their own perceptions, understanding and opinions
on sleep behavior by commenting on other’s data or the behavior
represented by data.

Behavioral judgment: “I find the data surprising that someone
is going to bed so late and waking up late in the day. I have to wake
at 6am every day to get ready for the day and do household chores.
I also find it surprising that the person falls asleep so quickly after
getting into bed.” DP12(40-49)

Figure 3a highlights that, overall, NDP generate substantially
more value judgment insights than DP. In particular, DP generate
twice as many behavioral judgment insights as NDP (47 insights for
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Table 5: Personal insight types for DP and NDP. Note that ‘(𝐷𝑃)’ represent the insights only generated by data providers, and
‘(𝑁𝐷𝑃 )’ represent the insights only generated by non-data providers

Type Subtype Description Example quotes

Recall

Behavioral de-
scription

Remind and describe past behavior not cap-
tured by data but reminded by data

“I notice that I have a hard time staying asleep all night. I am
often waking up and rolling over back and forth during the
night.” DP31 (30-39)

Reasoning Explain the reasons behind the behaviors,
such as habits, life condition, routines...

“I usually always wake up at the same time every day because
I work every day and have to get up at that time.” DP9 (20-29)

Difference (NDP) Describe own behavior contrasting with the
observed data

“The similar bedtime on the weekends surprises me as I often
go to sleep several hours later on those days compared to
the weekend.” NDP2(20-29)

Similitude (NDP) Describe own behavior similar with or related
to observed data

“It appears as if towards the weekend, the time that they went
to sleep was later which is similar to my sleep routine as I
have to get up earlier on the weekdays.” NDP11 (20-29)

Life events Explain data points by recalling and elaborat-
ing on past event

“For the late sleep time on the Saturday I was very restless
and could not get to sleep, thinking back I had a few drinks
with caffeine in them which may have been a factor.” DP43
(40-49)

Justification with
external data

Bring external data to justify behavior or opin-
ions

“I have my alarm at 8:55 but will always snooze till 9 AM or
a little past 9 AM to start my day.” DP35 (30-39)

Confirmation
(DP)

Collected data confirms existing knowledge “ This isn’t surprising as the weather has been very warm
which has had a negative impact on my sleep.” DP11 (20-29)

Contradiction
(DP)

Collected data contradicts existing knowl-
edge

“I am fairly diligent in terms of going to bed at a similar time,
the varying state of the time that I rise is surprising to me.”
NDP2 (20-29)

Value
Judgment

Data judgment Convey positive or negative connotations
about the measured data

“ I feel like this information is helpful in knowing how well I
slept.” DP4 (20-29)

Behavioral judg-
ment

Convey positive or negative connotation
about the behavior represented by the data

“5 am seems a horribly early time to wake up!” NDP23 (30-39)

Behavioral
awareness

Behavioral wish Describing behavior that the person would
like to have

“I really wish I could have more consistent sleep but some-
times I stay up too late to hang out with friends.” DP5 (20-29)

Intention to
change

Express the intention and the motivation to
change behavior

“As it shows how bad my sleep schedule is. It makes me want
to change my habits.” DP9 (20-29)

Changed self-
assumption

Adjust or change the understanding of them-
selves

“I was also surprised by the fact that I am waking up in the
night. I thought I consistently slept through the night with
no problems.” DP28 (30-39)

DP, 89 insights for NDP), and the amount of data judgment insight is
similar for both crowds. It indicates that NDP have a stronger ability
to express their perception, attitudes and opinions by reflecting
on others’ data. It also stresses the critical role of others’ data in
helping NDP disclose their perception of bad, average, and good
behaviors.

4.3.3 DP gain more behavioral awareness from their data. We aug-
mented the insight types from Choe et al. [17] with Behavioral
awareness insights, which include three sub-insights: behavioral
wish, changed self-assumption and intention to change. Figure 3b
highlights that DP gain more insights into behavioral awareness
than NDP (70 insights for DP, 30 insights for NDP). Specifically, DP
discloses almost 3 times more change self-assumption insights than
NDP (45 insights for DP, 12 insights for NDP), while the number
of intention to change insights are similar (12 insights for DP, 10
insights for NDP).

Changed self-assumption: “I’m fairly pleasantly surprised by
my averages as I thought they would be much worse, this hasn’t been
my greatest week for constant sleep.” DP3 (20-29)

These results indicate that data support DP gain more behavioral
awareness, and it exerts influence on DP primarily by making them
re-considerate their self-assumption rather than directly initiate
behavior change.

4.4 Additional Insights from NDP
Except for the extended classification, we identified two types of
additional insights generated only by NDP: behavioral identifi-
cation and speculation. Behavioral identification involves NDP
identifying purely behavior of DP from their data, without any
personal information, thoughts, or feelings of DP. These insights
usually prepare a context for NDP to relate to their experiences,
opinions and attitudes that are different from or similar to DP.

The second type of insight is speculation, containing speculation
and interpretation of DP’s behaviors. Through these speculations,
we can still discern the lifestyle or past behaviors of the NDP. For
example, in the following quote, NDP5 speculates that the time the
DP spent in bed before falling asleep was on the phone, implying
that they might have the habit of using a phone in bed themselves.

These two additional insights suggest that NDP convey their
experiences and behaviors by relating to and interpreting others’
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(a) The number of sub-insights of Value Judgment from DP and
NDP. This stack chart shows that NDP gains more insights into
behavioral judgment than DP, but the number of data judgment
are similar.

(b) The number of sub-insights of Behavioral awareness from
DP and NDP. This stack chart shows that DP gains more insight
into behavioral awareness than NDP, with a big advantage in the
number of changed self-assumption.

Figure 3: Comparison of DP and NDP in value judgment and behavioral awareness.

data, diverging from the comparison mechanism outlined in Section
4.3.1.

5 Discussion
In this section, we discuss the differences and similarities between
reflection levels, self-disclosure levels and types of personal insights
derived from others’ data and one’s own data. We also discuss
the implications of these insights for the design of collaborative
personal informatics systems.

5.1 Comparable Value in Facilitating Reflection
In Section 4.1, our findings reveal that there is no significant dif-
ference in average reflection levels between DP and NDP. DP par-
ticipants tended to reflect across all three levels, while NDP partic-
ipants primarily engaged in reflective description (R1) (60%) and
dialogic reflection (R2) (31.67%). This suggests that others’ personal
data holds comparable value to one’s own data in facilitating self-
reflection. Specifically, others’ data proves valuable in aiding individ-
uals in recalling and explaining experiences (reflective description
R1) and in reasoning about the relationship between underlying ex-
pectations, needs, and feelings (dialogic reflection R2). Furthermore,
in Section 4.3, the close numbers of insights for DP (720 insights, av-
erage=12/person) and NDP (600 insights, average=10/person) also
suggest echoing this finding of the comparative ability of others’
data to one’s own data in facilitating insights generation.

Our findings indicate that other’s data can serve as a protago-
nistic material for people to recall and reflect upon experiences,
even in the absence of one’s own data. This insight contrasts with
numerous existing PI tools that focus on the use of one’s own data
as reflective material [15, 57, 61]. Traditionally, the process of data
collection has been considered a crucial step in PI tools, often posing
barriers to reflection [8]. Future research could explore innovative
ways to incorporate others’ data into PI tools, thereby extending the
scope of reflection to a broader range of individuals who may not
engage in self-tracking. For example, future collaborative PI tools

could involve the collection of a small dataset and subsequently
share this data with users who share similar interests and expe-
riences within a group setting (e.g., a workplace or educational
institution [50]). Moreover, the inclusion of others’ data can en-
rich the reflective process by providing users with a wider range
of perspectives and experiences to draw upon. Machine-assisted
reflection systems, which excel in providing explanations and in-
terpretations of personal data [40, 64], could leverage others’ data
as input to offer users a detailed portrayal of different lifestyles and
contexts. By providing users with a comprehensive understanding
of others’ lives, these systems can facilitate deeper reflection and
insight generation.

Beyond the realm of PI, our findings also suggest the potential
for scaling out data work, such as articulation work [69] and data-
enabled design methods [10], by leveraging others’ data as material
for users to reflect and disclose their past experiences. Involving
product users in making sense of personal data has been recognized
as a key activity in these fields to reveal underlying expectations,
feelings, and experiences [13, 34, 69]. However, current methods
often entail significant design and setup efforts for data collection
and participant recruitment, limiting their scalability and reach [11].
Our findings suggest that future work in articulation work and data-
enabled design could leverage a smaller number of pre-collected
data to engage a larger number of participants, thus enabling a
deeper understanding of users on a broader scale.

5.2 Differences in Behavioral Awareness and
Value Judgment

Our findings in Section 4.3.3 reveal the proficiency of DP in gen-
erating insights into "Behavioral awareness," while NDP exhibit a
tendency to generate insights related to "Value judgment." These
results suggest the different strengths of one’s own data and others’
data in facilitating insight generation:

One’s own data holds greater strength in aiding individuals to
enhance their awareness of past behaviors. This insight aligns
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with a substantial body of prior research in Personal Informatics
(PI), rooted in the ego-centric perspective derived from behavioral
change theories, which consistently emphasize the pivotal role of
one’s own personal data in facilitating reflective processes and pro-
moting self-awareness [15, 61]. Therefore, our findings confirm
prior PI design principles and underscore the importance of prior-
itizing the inclusion of individuals’ own data when designing PI
tools aimed at fostering self-awareness and behavioral changes. PI
tools that focus on self-experiments [3, 22] and machine-assisted
reflection [40] should prioritize the use of personal data to facilitate
the (re)construction of detailed self-images, rather than relying on
others’ data, which primarily serves to define norms.

Others’ data is proficient in assisting individuals in expressing
and justifying their perceptions, attitudes, and opinions on behav-
iors. This finding extends prior research emphasizing the reference
value of others’ data in establishing norms [30]. Combined with the
finding that NDP is comparable in disclosing thoughts and feelings
except for more personal information (Section 4.2), others’ data is
indicated to be valuable in fostering community engagement and
enriching online discourse. For example, within online platforms
aiming to promote discussion and knowledge-sharing [19, 42], pri-
oritizing the inclusion of data from multiple sources can amplify
the richness of conversations and encourage active participation
from members. Furthermore, PI systems geared towards facilitating
decision-making processes can also benefit substantially from the
integration of others’ data. For instance, making medical decisions,
such as cancer treatment, which often hinges on individuals’ per-
ceptions, attitudes, and opinions about specific aspects [9], can be
informed by incorporating others’ data. The involvement of other’s
data can help participants reflect on and justify their perceptions
of specific situations and treatments, thereby empowering them to
make decisions that align with their values and preferences.

5.3 Different mechanism in facilitating
reflection

Our findings in Section 4.3 reveal that insights of confirmation
and contradiction within the Recall type were generated exclu-
sively by DP, while insights of difference and similitude were
generated only by NDP. This result suggests a different mechanism
of the two data sources in facilitating reflection. DP participants
tended to generate insights by comparing their self-cognition with
data, thereby recalling their past behaviors and evoking external
contexts. In contrast, NDP participants tended to identify others’
behaviors captured by data to recall their different or related experi-
ences through comparison. Additionally, our findings in section 4.4
demonstrate insight of speculation solely for NDP, indicating an
alternative way of making sense of data—interpretation, where indi-
viduals use their own experiences to provide plausible explanations
for others’ data.

Our findings extend the understanding of the anchoring role
of one’s own data in facilitating reflection [17] and suggest that
others’ data also serves an anchoring function, albeit through a
distinct mechanism—comparison. One’s own data enables people
to discern conflicts between the "past me" and the “self-recognized
me,” ultimately fostering a shift in self-understanding. Others’ data
facilitate reflection by providing a picture of either the “similar

me,” sharing similar behaviors, or the “different me,” displaying
different personal lifestyles. Prior literature has emphasized the
importance of providing the "right sort of experiences" to foster
reflection [68], but many PI tool designs have fallen short in this
regard [5]. Our findings indicate that both one’s own data challeng-
ing self-assumptions and others’ data offering relatedness, whether
through differences or similarities, serve as effective materials to
evoke the “right sort of experiences.” However, our data reflection
task design only involve simple interaction where people review
one single screenshot, which can limit deeper understanding and
reflection on personal data. Especially when interpreting others’
data, it necessitates an explanation of the underlying contexts [32].
Thus, future research could explore alternative interactions with
data, such as speculative methods [46], to enhance individuals’
connection to others’ data and facilitate the identification of the
“similar self.”

Moving beyond the conventional one-vs-many comparisons used
to define norms [30], our findings also highlight an alternative
approach—one-vs-one comparison. This detailed perspective of
analyzing data through one-vs-one interactions allows individuals
to identify patterns through direct comparison within smaller data
sets. Future collaborative PI tools could explore methods to facilitate
pair collaboration [32, 36], which is effective in supporting deeper
and more spontaneous feedback between individuals.

5.4 Limitation and future work
To size the impact and validity of our study, we identify limitations
around three aspects.

First, we recognize that various factors such as occupation, gen-
der, and life conditions can co-influence the relatedness between
DP and NDP, thereby potentially affecting reflection and insight
generation. Prior research has highlighted that building relatedness
is a complex technique that extends beyond merely finding simi-
larities or differences [44]. While our study attempted to facilitate
relatedness between participants, we acknowledge the limitations
of recruitment due to the feasibility of experiment execution. Fu-
ture studies can explore identifying key characteristics that better
match participants to facilitate building relatedness for collabora-
tive reflection.

Second, the design of the data-reflection task, which involved
participants answering reflective questions based on screenshots
with word limits (20 and 40 minimum words), may pose limita-
tions in facilitating reflection. Specifically, communication around
data—such as inquiry, explanation, and interpretation of underlying
contexts—is crucial for fostering reflection but is constrained by
presenting only a single screenshot to participants. Additionally, re-
stricting the length of responses could impact the depth of reflection
and self-disclosure. Research suggests that longer answers are as-
sociated with higher levels of reflection and self-disclosure [12, 31].
Although pilot studies were conducted to balance freedom and
constraints in facilitating reflection, there remains a risk that the
depth of reflection and self-disclosure could be affected.

Third, we minimised the factors influencing self-disclosure (e.g.,
personal traits, language, culture [38]) by screening crowd-workers
who are English native speakers and grouping them in three age
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ranges. However, other factors, such as the difference in the enjoy-
ment and the social effect caused by reflecting on one’s data and
others’ data can still influence the degree of self-disclosure [2, 55]. It
is challenging to measure and explain reflection and self-exposure
separately because of the entangled nature of those factors influ-
encing them. In addition, the frameworks we used to evaluate the
level of reflection and self-disclosure are sometimes too subjective
and abstract to assess the participants’, especially for the disclo-
sure of feelings. We followed a procedure with two coders working
independently before aligning to reach a high inter-rater reliabil-
ity. However, the results remain under the influence of subjective
judgments.

6 Conclusion
This paper investigates the different effectiveness of one’s own
data and others’ data in facilitating self-reflection and generating
personal insights. Through a crowdsourced approach, we recruited
two groups of participants - DP and NDP - to make sense of their
own data and others’ data through answering opening ended ques-
tions in textual format. We evaluate the reflection level, disclosure
level, and types of insights derived from the responses of DP and
NDP. Our analysis shows that others’ data and one’s own data have
comparable effectiveness in facilitating reflective description (R1),
dialogic reflection (R2), and self-disclosure of personal thoughts
and feelings. Specifically, we found that one’s own data are efficient
in supporting the gain of behavioral awareness, while others’ data
are efficient in helping people express their perceptions, attitudes,
and opinions. Furthermore, others’ data can serve as an anchor
for individuals to recall their own past experiences and trigger
the expression of their perceptions, attitudes, and opinions. These
results highlight the comparable effectiveness of others’ data as
protagonistic material in data-informed self-reflection and provide
insights into exploiting the advantages while compensating for
the shortcomings of the two data sources in collaborative PI for
enhancing self-knowledge.
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