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Abstract

While family informatics has been developed for monitoring and
tracking family-centered health data, there remains a gap in under-
standing how family informatics can support families in reflecting
on their social behaviors and emotional dynamics. We address
this gap with SELaD, a system that captures and visualizes social-
emotional data from daily family interactions using audio, video,
and physiological sensors. In a semi-naturalistic study with 17 fam-
ilies (n = 51), we investigated how this data facilitates reflection.
Our findings reveal a process we term relational reflection, where
families collaboratively interpret multimodal data to deepen their
understanding of conversational dynamics and emotional influ-
ences by recalling their shared history and expectation of good
communication. This process was particularly enriched by emo-
tional data from multiple sources that families could cross-reference
and reconcile. This work presents SELaD as a technology probe and
empirically grounds the concept of relational reflection, positioning
it as a foundation for designing future reflective technologies.

CCS Concepts

+ Human-centered computing — Empirical studies in collab-
orative and social computing,.

Keywords

Family Informatics, Relational Reflection, Multimodal Sensing, Social-
Emotional Data, Affective Computing

ACM Reference Format:

Hyesoo Park, Sueun Jang, Hyunsoo Lee, Jennifer G Kim, and Uichin Lee.
2026. Why stressed, Mom?: Exploring Family Reflection on Social and
Emotional Sensor Data through Family Informatics. In Proceedings of the
2026 CHI Conference on Human Factors in Computing Systems (CHI °26),

“Both authors served as co-senior authors and jointly supervised the project.

This work is licensed under a Creative Commons Attribution 4.0 International License.
CHI ’26, Barcelona, Spain

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2278-3/26/04

https://doi.org/10.1145/3772318.3790745

Sueun Jang
School of Computing
KAIST
Daejeon, Republic of Korea
sueun.jang@Xkaist.ac.kr

Hyunsoo Lee
Graduate School of Data Science
KAIST
Daejeon, Republic of Korea
hslee90@kaist.ac kr

Uichin Lee*
School of Computing
KAIST
Daejeon, Republic of Korea
uclee@kaist.ac.kr

April 13-17, 2026, Barcelona, Spain. ACM, New York, NY, USA, 23 pages.
https://doi.org/lo,l145/3772318,3790745

1 Introduction

HCI researchers have increasingly explored family-centered health
tracking, expanding the scope of traditional personal informatics
into the emerging space of family informatics [88]. This concept be-
gan to take shape in the HCI literature with growing interest in how
families collaboratively engage with health and well-being [87, 93].
Although existing family informatics systems have primarily fo-
cused on capturing individual or aggregated health data within
families (e.g., sleep [87], physical activity [68, 93], diabetes symp-
toms [16], and mood [68, 100]), less attention has been given to
how families collectively engage with and interpret their shared
social and emotional experiences. One reason for this gap is that
conducting research on social and emotional experiences requires
multimodal sensing of these states and presenting such data to
families, which has posed technical challenges. This remains an
underexplored area, despite the research communities’ longstand-
ing interest in the role of technology in shaping social dynamics,
collaboration, and mutual support within close-knit groups.

Some recent studies have begun to explore this gap, showing
the feasibility of using sensor-aided family informatics to support
reflection on affective states during shared activities [68]. Social
and emotional data of a family can reveal their unique social dy-
namics, such as ripple effects among family members [88] or the
roles of parents and children [87]. Understanding such family in-
teractions through deep reflection can help discover communal
norms, strengthen family relationships, and foster children’s social-
emotional development [18]. Family interactions provide a critical
context for children’s social-emotional learning [86, 98], offering
opportunities to reflect on social awareness, emotional awareness,
and communication behaviors. Furthermore, given the inherently
reciprocal nature of these interactions (e.g., modeling emotional
regulation, acknowledging their own emotions, and engaging in
shared reflection), parents’ active participation is essential for sup-
porting children’s healthy social-emotional development. However,
to date, sensor-aided family informatics has rarely been applied
to observe everyday family social interaction; most deployments
remain confined to special purposes such as parent-driven instruc-
tional scenarios [48, 51]. Thus, there is limited empirical evidence
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on how sensing can support balanced, symmetric reflection in ordi-
nary family life. At the same time, placing sensing technology in
intimate family settings introduces possible harm, such as privacy
leakage, power asymmetry, and overreliance on data that can erode
trust and exacerbate familial tension.

To explore this tension, we draw on the notion of dialogic re-
flection by Fleck and Fitzpatrick [32], originally defined as “seeing
things from a different perspective and considering alternatives,’
by focusing on its interpersonal dimension as a process of jointly
interpreting shared experiences that leads to significant shifts in
social-emotional understanding. In this work, we prototype SELaD,
a family informatics system designed to capture, quantify, and vi-
sualize social-emotional data from audio, video, and physiological
sensors during everyday interactions (e.g., mealtime conversations)
to facilitate dialogic reflection for social-emotional learning within
families. SELaD thus serves both as a proof-of-concept for extending
multimodal sensing into daily life and as a technology probe [47]
for investigating design tensions that arise when such data are col-
lected and presented within the family. With SELaD, we set out the
following research questions to investigate how families leverage
multimodal sensor data of their social-emotional interactions and
how the system supports families’ sensemaking of the data:

RQ1) How do families reflect on the family conversation by
interpreting multimodal social and emotional data?

RQ2) What insights do families gain through reflection?

RQ3) What factors contribute to deepening the reflection?

To answer these RQs, we collected data through a user study
involving 17 families (n = 51) in a semi-naturalistic home setting
to examine reflective processes, evaluate usability, and conduct
interviews.

Our findings show that families engaged in relational reflection
when interpreting multimodal social-emotional data with SELaD.
They recalled a shared family history and shared expectation of
good communication, and collaboratively interpreted the meanings
of data, which deepened their understanding of the conversational
pattern and emotional influence (Section 6.1.) We also identified
factors that facilitate this relational reflection, and observed that
the nature of emotional data and how the family engaged in the
reflection could shape relational reflection (Section 6.2).

Collectively, the key contributions of our study are as follows:

e We designed and implemented SELaD, a family informatics
prototype that integrates audio, video, and physiological
data streams from the mealtime conversation of the family
into video playback, data chart, and question-type prompts
that can scaffold users to reflect on their behaviors.

e We conducted a user study of 17 families (n = 51) and per-
formed an in-depth qualitative analysis that identified the
co-constructed insights about family dynamics that families
gained from relational reflection, and how reflection could
be facilitated by the emotional data.

o We frame relational reflection with the study results and dis-
cuss its design implications around (i) technologies leverag-
ing multimodal social-emotional data, (ii) prompts to scaffold
the data reflection of families, (iii) strategies to mitigate the
ethical concerns.
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2 Background and Related Work

2.1 From Personal Informatics to Family
Informatics

Since health and well-being are inherently socially interconnected,
it has been argued that future research should consider various in-
terpersonal contexts [90]. However, prior work in HCI has primarily
focused on social use of personal data and personal informatics (e.g.,
within significant others [70, 71], through social media [29, 108])
to drive behavior change, rather than examining data that is co-
constructed or collected within interpersonal contexts.

The concept of family informatics extends the framework of
personal informatics, which traditionally supports individuals in
collecting and reflecting on self-tracked data, such as physical, emo-
tional, and social metrics, to derive insights for well-being [88].
Unlike personal informatics, which centers on individual experi-
ences, family informatics views families as interconnected networks
where members share routines, behaviors, and health-related deci-
sions [10, 20, 75]. From this perspective, family members exhibit
collective responses to health outcomes [107, 109], meaning that
their shared behavior patterns and coping strategies can positively
and negatively influence well-being.

Family informatics leverages family-generated data collected
through sensor-rich tracking tools to assess behavioral domains
such as sleep [87], diet [94], and physical activity [93]. Moreover,
existing family tracking systems center data related to specific
health conditions of the child, such as blood glucose levels [105],
mood data [100], symptoms and medications [16], which have been
shown to support self-regulation and self-care of children. However,
most studies focus on tracking and visualizing data rather than
fostering active discussions that enable family members to gain
self-knowledge and understand each other’s experiences [33].

The process of engaging in meaningful discussions around shared
data—termed co-reflection—is a key component of family informat-
ics. Co-reflection refers to a collaborative data reflection process
in which family members assess their behaviors at both individ-
ual and collective levels through discussion [68]. A core benefit of
co-reflection is that it allows family members to develop a deeper un-
derstanding of themselves by engaging with each other’s reflections,
aligning with the broader notion of shared reflection [40]. Collabo-
ratively reflecting on shared experiences can also help strengthen
children’s agency and critical thinking skills since it moves beyond
one-way, parent-to-child instruction toward more reciprocal and
dialogic interaction.

Lee et al. [68] demonstrated the feasibility of using passive sens-
ing to support family co-reflection, showing data visualization on
affective and behavioral states during family interactions can foster
deeper self- and mutual understanding. However, existing family
informatics research has primarily focused on capturing individual
or aggregated health data within families, with less emphasis on
designing systems that effectively guide families to interpret, reflect
on, and assess their social and emotional interactions. Our work
expands this line of research by investigating how richer forms
of interaction data (e.g., conversational dynamics, emotional syn-
chrony) captured through multimodal sensing shape the family
reflection and also promote social and emotional learning.
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2.2 Observation of Social-Emotional Behaviors
in Family Conversations

2.2.1 Conventional approaches for family conversation assessment.
Analyzing family conversations has supported the assessment and
improvement of social and emotional competencies, particularly
children’s self-awareness, emotion regulation, and communication
skills. Several therapeutic approaches have been designed for this
purpose, such as psychological counseling [91, 97].

One widely used approach involves families visiting counseling
centers for a professional evaluation. A child or a whole family
follows a structured protocol, and experts observe their behavior or
review video recordings of their interactions to assess various social
and emotional behaviors [91]. Common procedures include the
Conversation Probe (CP) for evaluating conversational abilities [79]
and the Social Performance Rating Scale (SPRS) for assessing social
behavior across different situations [35].

Not only for the assessment, but to provide feedback to families,
their recorded conversations were leveraged. Family members are
having a daily conversation while being recorded, and trained ex-
perts later select specific video segments during therapy sessions to
examine affective communication in shared playful moments [31].
This practice systematically analyzes interactions among the father,
mother, and child to identify behaviors such as affective sharing, ex-
clusion, interference, and withdrawal. These moments are reviewed
in short episodes under the therapist’s guidance.

Video-based approaches have been used for decades [91] to iden-
tify verbal, nonverbal, and multimodal behaviors in family inter-
actions and to support the development of social and emotional
skills. It has been researched that video feedback could effectively
enhance parenting practices and child outcomes [34]. However,
they rely on professionals with specialized training and on tools
for detailed behavioral coding, creating barriers for families who
lack access to such resources.

2.2.2 Sensing technology for parent-child conversation. HCI re-
searchers have also explored how technology can support family
communication through sensing technology. These efforts reflect
the broader view that daily conversations are central to children’s
social development and serve as a key setting for sharing experi-
ences, coordinating routines, and learning norms [18].

Context-specific sensing of the family conversation has been
used to provide a quantitative assessment and feedback. TalkBetter
provides real-time meta-linguistic feedback to parents interact-
ing with children with language delays, supporting goals defined
by speech-language pathologists [48]. SpecialTime assists Parent-
Child Interaction Therapy by automatically detecting dialogue acts
and offering immediate feedback aligned with therapists’ coding
practices [46]. You et al. emphasized empathetic reflection dur-
ing conflicts by visualizing how parents’ nonverbal cues might be
perceived by the child [110]. MAMAS monitors parent-child meal-
time interactions and helps parents reflect on eating behaviors and
communication patterns [51].

Yet, these sensor-based approaches have largely been confined
to providing one-way instruction, where children are primarily
monitored while parents take on the role of instructors. This asym-
metry in participation has been noted as a potential concern in prior
research, particularly regarding its impact on children’s autonomy
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and privacy [83, 84]. Moreover, family conversation content re-
mains underexplored, with more focus on eating habits or eating
behaviors of family members.

Given the importance of daily family interactions and the poten-
tial of sensing family activities, family informatics tools present a
promising approach, as their equal accessibility to all family mem-
bers can shift the focus from passively following guidance to ac-
tively engaging in reflective learning of their social and emotional
behaviors.

2.3 Sensor-driven Reflection on Social and
Emotional Data

There has been growing interest in leveraging data-driven ap-
proaches to capture and reflect on individuals’ social and emotional
behaviors. Advances in sensing technologies (e.g., video, audio, and
physiological data) have enabled data-driven reflection by quan-
tifying social behaviors and visualizing patterns of interaction by
detecting emotional states, such as stress.

The quantification of social behaviors provides insights into
how they are perceived by others when they are interacting with
them [7, 95]. Moreover, this ability to capture social aspects makes
it possible to provide automated, instant feedback. Consequently,
sensing has been applied to enhance social-emotional competen-
cies, such as self-awareness, social awareness, and relationship
skills [55, 56, 59]. Some systems assisted with oral presentation [14,
106], executive coaching [5], and job interview practice [44] by
analyzing speech quality (e.g., pitch variety and speaking rate) and
facial expression through camera sensor and providing coaching or
visual/haptic feedback as users engaged in simulated presentations
or mock interviews with the system. Therefore, passive sensing
for social behaviors has been applied across various contexts tar-
geting diverse populations, including interventions for individuals
on the autism spectrum [42, 59, 61, 66], classroom environments
to promote effective instruction [3], and family settings to analyze
and support parent-child social interactions [19, 63]. Such behav-
ioral sensing has been conducted not only in individual use cases
but also in co-located settings, where attempts have been made to
capture the dynamics of multi-person interactions such as conver-
sations. For example, conversational dynamics (e.g., participation,
current turn of conversation) were visualized to enhance group
collaboration [9, 17, 24, 62] and encourage self-regulation of par-
ticipation [1, 102]. However, in these co-located settings, relatively
few studies have focused on capturing more internal states (e.g.,
emotions) beyond the behavioral level.

The application of combined social-emotional data from inter-
personal contexts to facilitate Technology-Supported Reflection thus
remains in its preliminary stage. While existing systems providing
interventions tend to focus on improving behaviors for well-defined
task goals through nudging or persuasion, Technology-Supported Re-
flection supports learning by helping individuals revisit past social
interactions and derive insights for change [41]. Considering emo-
tional as well as social cues enriches reflection, as social interaction
depends on both external signals and internal states (e.g., emotions).
As an example, group-based sensing of mood and stress in work-
place settings [2, 37, 77, 111] have been developed and studied to
support well-being and workplace learning by improving stress
awareness. In such cases, collective reflective practice leverages not
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only the rich social context collected from advanced sensing tech-
nologies (e.g., conversational dynamics, emotional synchrony) but
also the human ability to interpret nuanced information from the
context. Leveraging the concept of human-as-sensors [36, 99], sens-
ing technology has the potential to complement human memory
and further facilitate the understanding of interpersonal contexts.

While prior work on group sensing in workplaces has focused
on loosely connected individuals, close relationships (e.g., fami-
lies, friends, and couples) offer richer opportunities for emotional
insight due to shared experiences and deeply entangled social dy-
namics [49]. However, the application of sensor-aided systems in
intimate contexts remains limited. Building on this gap, our system
adapts social-emotional sensing in the family context, demonstrat-
ing sensor-aided family informatics using social and emotional data
of their family interactions.

3 System Design

To observe how families reflect on their interpersonal behaviors, we
designed an early-stage system, SELaD (Social Emotional Learning
by multimodal Data) using video, audio, and physiological sensors.
In Section 3.1, we first outline the overall design process of SELaD
based on our formative study. Section 3.2 then describes the SELaD
system design in more detail.

3.1 Design Process Based on a Formative Study

The goal of the formative study was to identify the data types that
can capture social-emotional behaviors during family conversations
and develop the interface of family informatics. To achieve this, we
conducted a literature review to select the data type (Section 3.1.1)
and expert interviews on both the data types and the early system
design (Section 3.1.2).

3.1.1 Data Type Selection. We conducted a literature review of ex-
isting conversation assessment methodologies. Based on this review,
we selected the Conversation Probe (CP) framework [79, 80, 89] as
the foundational architecture for the SELaD system. The behavior
indicators of CP are broadly categorized into four composite groups:
appropriate content, paralinguistic behaviors, interactive behaviors,
and nonverbal behaviors as shown in Table 1. Each category com-
prises a set of coded behaviors, such as the level of “involvement"
and the level of “asks questions” for the “Interactive Behaviors” sec-
tion. In SELaD, we mapped the sensor data types with these coded
behaviors, such as “number of questions” for “asks questions”.

We chose CP over other scales for several reasons. First, CP
provides low-level behavior indicators that can be measured using
audio and video analysis and social signal processing technologies.
For instance, CP’s item “asks questions” can be easily captured
via sensors, unlike Social Performance Rating Scale (SPRS) [35]
items that assess vocal quality, such as “Participant demonstrates
no warmth, enthusiasm, or interest in verbal expression [35],” which
require more complex interpretation of nuanced social situations.
Moreover, CP has the advantage of not being limited to verbal
content, compared to alternative interaction assessment systems
that are applicable for passive sensing [46]. Therefore, CP allows
our system to capture a broader range of skills than verbal content,
such as recognizing one’s own emotions.
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We sought to validate these data type selections as summarized
in Table 1, through expert interviews, which we describe in the
following subsection.

3.1.2  Expert Interview. To gather information on the feasibility of
the system and its expected utility, we conducted expert interviews
(n = 4). The participants were researchers and practitioners spe-
cializing in family and children’s social-emotional development,
including a professor and a Ph.D. candidate from a child develop-
ment and family studies department, a family therapy expert, and a
child counselor working with our target age group. All participants
were based in Korea. This composition was intended to comprehen-
sively cover both academic and applied perspectives. Each semi-
structured remote interview lasted approximately one hour. The
questions were broadly categorized into two: (1) What family inter-
actions should we focus on to capture their social-emotional data and
provide reflection on, (2) Feedback and design suggestions for SELaD.
The prototype depicted in Fig. 1 was provided to the experts as a
visual aid to envision and suggest potential design improvements.
Participants received compensation of 80,000 KRW (55 USD), and
the study was conducted with IRB approval. Researchers performed
thematic coding [13] and derived themes from the interview re-
sponse transcriptions for each question category. Common themes
mentioned by interviewees are summarized as follows:

As an answer to the first question, 3 out of 4 interviewees men-
tioned that family mealtime conversation is one of the most fun-
damental contexts for family interactions and, therefore, needs to
be examined. They highlighted that social-emotional aspects are
accumulated through interactions involving language. Given that
family mealtime conversations are often used in research to natu-
rally assess children’s social and emotional competencies [6, 30],
we planned to conduct our study in a mealtime setting as well.

After reviewing our selected data types and the early prototype
(right of Fig. 1), experts suggested incorporating additional forms
of emotional data. They recommended identifying emotions (e.g.,
happiness, anger) from conversation content, noting that the ability
to choose emotion-aligned words during dialogue is an important
indicator of children’s social development. They also noted that
physiological data (e.g., stress signals, muscle tension, brainwaves)
can offer families meaningful insights to help them become more
aware of feelings not openly expressed in words or facial expres-
sions during conversations. However, experts also highlighted that
interpreting physiological data can be ambiguous (e.g., whether
emotional arousal stems from joy or anger) and literacy can vary
among people, requiring additional explanation in the experiment.
Reflecting this feedback, and informed by prior work in affective
computing that highlights the value of a comprehensive under-
standing of affective states [104], we expanded our data types ac-
cordingly.

3.2 SELaD Design

We now illustrate the overall system architecture and detailed in-
terface design of SELaD, providing both a high-level overview of
data sections and a detailed explanation of data section interface
design.

3.2.1  Overview of Multimodal Data Sections. SELaD was designed
as depicted in Fig. 2 based on the findings of the formative study. For
each conversational topic, the interface displays a chart-aligned
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Topic

Figure 1: Early prototypes of SELaD, designed based on the selected features from the literature review. The left prototype
represents an individual view that provides a summarized report intended to help users understand whether they performed
well or poorly, thereby promoting a learning effect. However, due to difficulties in constructing objective assessment criteria,
the design process shifted toward a more transparent presentation of raw multimodal data, as illustrated in the right-side
prototype. The right prototype was subsequently used during expert interviews.

video view (S1), along with four multimodal data sections — S2)
Conversation Summary, S3) Conversation Behaviors, $4) In-
teraction Behaviors, and S5) Physiological Responses. In Fig.
2, different sources of data are distinguished by color (i.e., S2, S3 -
audio: green, S4 — video: orange, S5 — physiological data: purple).

Chart-Aligned Video. (S1)in Fig. 2 is the original video source
alongside the conversation analysis data. It was placed on top of the
screen to provide rich contextual information on family activities,
used as video feedback [97]. This was designed to reflect experts’
opinions that videos paired with data can facilitate reflection by
revisiting memories and emotions from that moment. Additionally,
to help family users easily navigate and correlate information from
different sources, we synchronized the video with other multimodal
data — such as conversation behaviors, interaction behaviors, and
physiological responses — using the same timeline.

Conversation Summary. (S2) in Fig. 2 focuses on the ver-
bal content of the conversation. To support reflection on whether
their conversation aligned with the given topic, this section dis-
plays the topic of the session and highlights keywords spoken
by each family member. Three representative keywords per par-
ticipant are extracted and visualized. The proportion of positive
words used is also shown as a percentage, providing insight into
the emotional tone of the conversation. By providing these data
types, Conversation Summary helps participants reflect on their
social communication skills and emotional tone.

Conversation Behaviors. (S3)inFig. 2 presents data capturing
paralinguistic and interactive behaviors during the conversation
using audio data. For paralinguistic aspects, a conversation time-
line shows who is speaking over time, and a speaking initiation
count indicates how often each member spoke. These visualizations
help users assess individual and group conversational dynamics.

Table 1: Selected data types for SELaD mapped with Conversation Probe (CP)

Selected Behavior Indicators in CP |

Selected Data Types for SELaD

Behavior

Category

Data Type

‘ Section

Verbal Content

Keywords

Appropriate Content

Positive words proportion

Conversation Summary

Conversation Behaviors

Clarit .
Y Speaking speed
S . Fluency
Paralinguistic Behaviors - —
. Conversation visualization
Meshing s
Speaking initiation
Involvement Conversation proportion

Interactive Behaviors -
Asks questions

Number of questions

Gaze

Eye contact

Nonverbal Behaviors Flat affect

Emotional expression

Interaction Behaviors

Appropriate affect

Emotion synchrony

Stress

Emotional arousal

Physiological Responses
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Figure 2: A screenshot of the visualization of SELaD. S1 is a chart-aligned video view of their conversation, $2-5 indicate
different data sections, and each data section comprises a) Question-type Prompts and b) Data Charts.
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Speaking speed is visualized through the height of each segment
on the Y-axis, offering cues about fluency. To reflect CP’s coded
behaviors such as involvement and asking questions, a pie chart
illustrates each member’s conversation proportion, highlighting
involvement balance and dominance within the family. The number
of questions each member asks is also displayed to indicate the level
of interactivity. These data types could capture social dynamics
(e.g., dominance, responsiveness), situating them as social data.

Interaction Behaviors. (54) in Fig. 2 highlights nonverbal
behaviors such as gaze and appropriate affect based on video data.
To detect gaze, we analyzed whether family members were looking
at one another during the conversation. We also included emo-
tional synchrony to examine whether family members displayed
appropriate affect in response to shared moments. Additionally,
each member’s facial expressions are visualized over time, allowing
users to observe whether their expressions remained flat or showed
dynamic changes. Compared to the previous sections, these data
types more directly present the emotional information.

Physiological Responses. (S5) in Fig. 2 offers additional in-
dicators beyond the CP-based indicators by detecting stress levels
and emotional arousal using physiological sensors. Measures such
as stress level and emotional arousal allow families to reflect on
internal affective states that may not be expressed verbally or behav-
iorally, offering opportunities for deeper awareness and reflection
on emotions that might otherwise remain hidden. As such, these
signals primarily represent emotional data.

3.2.2 Detailed Data Section Interface Design. Every data section
of SELaD is composed of a) Question-type Prompts and b) Data
charts, as shown in the example of S5 in Fig. 2.

Question-type Prompts. To help the family better understand
their communication based on the data, experts recommended
adding guidance that can encourage them to reflect on their be-
havior. Therefore, we integrated question-type prompts (Fig. 2-a)
throughout the interface in each section to guide and encourage
family reflection without on-site expert intervention. For example,
“Do you think that everyone in our family equally participated in
the conversation? Why do you think so?” was used in Conversation
Behaviors (see S2 in Fig. 2). The prompt questions were adapted
from a list of exemplary social-emotional learning skills in prior
research [98] to align with the data types that SELaD quantifies
(see Appendix A).

Data Charts. Overall, data in SELaD are presented in time-
series charts (Fig. 2-b) to facilitate understanding through align-
ment of the video and other data. In the time-series data charts, a
vertical line is drawn over the graph to represent alignment with
the video timeline (Fig. 3a). When a user clicks on a point from a
chart, the video is played at that synchronized time stamp, allowing
users to explore the specific moment in the video. Additionally,
ordinal data such as stress, emotional arousal, emotion synchrony,
and eye contact are presented using level-based charts (Fig. 3b). The
level-based charts represent varying ordinal levels through color
differences, and the description of the level (e.g., low, moderate)
appears around the mouse when hovered over (Fig. 3b). This color
saturation mapping technique was adopted based on prior research
[74], a technique effective in representing sequentially ordered data.
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Figure 3: Detailed interactive design components

4 Implementation

Based on the system design, we implemented SELaD to extract
features related to social-emotional development from video, audio,
and physiological sensor data collected during family conversations.
These features are visualized alongside the recorded videos to sup-
port reflective exploration. Video and audio were captured from a
PC-connected camera and microphone, respectively, and processed
according to the data analysis pipeline as in Fig. 4. Physiological
data were collected via Empatica’s E4 wristband and accessed via
the Empatica Connect platform for data analysis.

SELaD was developed as a web-based system with server-side
and client-side components. On the server side, we used Python 3.9
for data analysis, executed within Docker containers, and employed
Celery for asynchronous task management and batch processing.
MongoDB handled user authentication and data storage, while
Redis was used for caching. On the client side, we built the web
interface described in Fig. 2 using Next.js and React.js, and imple-
mented the interactive visualization components using d3.js.

The overall data analysis pipeline is illustrated in Fig. 4. The
tools and libraries used for processing each data type are detailed
in Table 2. For brevity, we present only an overview here; the full,
detailed data-processing procedures for each data type are provided
in the Appendix C for full reproducibility.

Audio. SELaD first applies speaker diarization to segment the
conversation into speaker-specific utterances. For each segment, the
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Figure 4: A flow diagram of the data processing pipeline of SELaD. The different sources of data are distinguished by color,
aligning with the SELaD design (i.e., audio — green, video — orange, physiological data — purple).

system computes three features: speaking speed (words per second),
the number of questions asked, and the proportion of positive words.
Conversation proportion of each speaker is derived from the duration
of segments, and the number of speaking initiation is the count
of segments each speaker begins. Finally, it extracts significant
keywords by aggregating term frequencies across the entire session.

Table 2: Implementation details used in the SELaD system.

Feature Tool

Emotion Recognition A CNN based PyTorch implementation

on facial expression recognition [50]

Facial Landmarks The FaceMesh model from Google’s Me-

diaPipe [73]

Speech Transcription Naver Clova Speech Al [81]

Positive Words Proportion Naver Clova Semantic Analysis Al

Transcript Tokenization The Okt tokenizer from konlpy [85]

KRWordRank [58]

Keywords Extraction

Video. For every key frame, SELaD runs face bounding boxes
detection, facial emotion recognition, and facial landmark extrac-
tions. Within a 20-second time window, the system computes fea-
tures including total expressed emotions, level of emotional synchrony
- the similarity between the emotions of participants —, and level of
eye contact. To calculate eye contact with a single camera - suitable
for in-home use — we assumed a fixed-angle setup where partici-
pants are seated side-by-side. All video analyses follow the methods
established by prior studies [38].

Physiological Signals. SELaD derives stress levels from inter-
beat intervals (IBIs) [15, 57] and infers emotional arousal levels
from electrodermal activity (EDA) [8, 12, 21]. Following Schmidt et
al. [96], the system first preprocesses each signal using differenti-
ation and smoothing. For stress estimation, heart rate variability
(HRV) is calculated from the IBI signal, using the RMSSD (root
mean square of successive differences) metric within 60-second
windows. For arousal estimation, the number of EDA peaks is ex-
tracted from the EDA signal within the same time windows. Finally,
all feature values are normalized against a baseline measurement,
outliers are removed, and the resulting metrics are level-scaled for
visualization.
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5 User Study

To explore how families reflect on the family conversation by in-
terpreting family informatics of multimodal social and emotional
data, we conducted a user study with 17 families, each consisting
of three members (n = 51). The study method was inspired by the
technology probe [47], which emphasizes deploying a prototype
in real-world contexts to provoke insights about potential use. We
adopted its exploratory orientation to investigate the situated use
of SELaD, identifying opportunities and challenges in supporting
family reflection through multimodal data.

5.1 Participants

We recruited 17 families consisting of three family members, i.e., a
mother, a father, and a child (n = 51). While families with more than
three members were eligible to participate, only three members per
family took part in the study due to the space constraints of the
testbed environment and to facilitate standardized data analysis.
Based on the advice from preliminary expert interviews, we tar-
geted families with children between the ages of 10 and 14, as this
period represents early adolescence — a developmental stage charac-
terized by significant transformations in parent-child relationships
and development of the self [101]. Experts indicated that children
in this age range would be able to comprehend and interpret the
data and participate meaningfully in conversations, and because
this developmental period is marked by rapid changes in social and
emotional skills that make everyday family interactions informa-
tive for reflection. Families were recruited through a local online
community, and all families were Korean. Additional demographics
are shown in Table 3. Each family received 100,000 KRW (70 USD)
as compensation for their participation in the study. The study was
approved by the university’s Institutional Review Board (IRB).

Table 3: Demographic information of participants (G: Girl, B:
Boy)

Family ID Father Mother Child

1 50 46 12 (G)
2 50 50 12 (G)
3 48 44 12 (B)
4 48 44 11(G)
5 41 39 12 (B)
6 52 46 13 (B)
7 45 44 13 (B)
8 41 42 12 (B)
9 54 53 12 (B)
10 54 48 11(G)
11 43 40 13 (B)
12 43 41 12 (B)
13 49 49 11(G)
14 43 41 11 (B)
15 46 44 11 (B)
16 48 44 10 (G)
17 43 44 12 (B)
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Figure 5: A testbed that resembles a home environment. The
overall study was conducted in the dining room.

5.2 Procedure

5.2.1 Apparatus. The participants were invited to a testbed en-
vironment (Fig. 5) designed to resemble a house. The study was
conducted in the dining room, and researchers monitored the data
collection status in a separate room to allow families to freely
converse. To create a natural setting for family conversations and
facilitate the conversation, a meal (pizza) was provided to the par-
ticipants during the data collection.

For data collection, a PC-connected camera and a MAONO BM10
USB conference computer microphone were used to capture audio
and video data from the family conversations. In addition, partici-
pants wore Empatica’s E4 wristbands on their non-dominant hands
to capture physiological signals such as EDA and HRV. Before ar-
riving on the testbed, participants were asked to avoid caffeine
consumption on the day of the experiment due to the accuracy
of HRV detection, as caffeine could cause a sudden increase in
sympathetic nerve activity [22].

5.2.2  Study Process. The overall process of the user study is il-
lustrated in Fig. 6. First, participants were briefed on the study’s
objectives and procedures. After signing a consent form for study
participation, they were fitted with Empatica’s E4 wristbands for
physiological data collection.

Before the data collection, the baseline physiological data were
collected in a five-minute guided meditation in a relaxed state while
participants were wearing E4 wristbands. Subsequently, partici-
pants engaged in the main data collection phase with conversations
on three topics, each lasting 8 to 10 minutes. Since families may
find it difficult to initiate a completely open-ended conversation in
the lab setting, we selected structured familiar conversation topics.
These topics were selected based on formative expert interviews
and existing literature about family mealtime conversation top-
ics [30], to capture a range of social-emotional behaviors within
family dynamics while mitigating the ethical risk of triggering
emotionally charged or uncomfortable conversations for children,
such as rebellious teenager behaviors or serious arguments among
family members.

(i) Reminiscing. Families were encouraged to use the photos of
family memories they had brought, guided by our instruction,
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Figure 7: Participants collaboratively reflect their data using
SELaD.

such as “Let’s recall family memories together.”, “Share your
favorite moment.”, and “Use the photos to help you remember
the past events and your emotions at that time.”

(ii) Supporting. Families were asked to share their recent expe-
riences, encompassing both challenges and celebrations, and
were further encouraged to discuss how they could support
or be supported by each other for such experiences.

(iii) Planning. Families were tasked with planning a family
trip. They were also provided with starter questions such
as “Where would you like to go for a family trip?”, “What
activities would you like to do during the trip?”, and “How will
you get there, and where will we stay?”

At the beginning of the data co-reflection phase, we briefly in-
troduced the SELaD interface with types of data and how to use
SELaD. Then family members freely interacted with SELaD, en-
gaging in discussions about their social-emotional behaviors with
multimodal data, as depicted in Fig. 7. Families were encouraged
to explore the data freely rather than being provided with specific
directions for reflection.

Following the data co-reflection phase, we conducted a semi-
structured interview with each family. The interview questions
were designed to understand the collaborative reflection experi-
ences of families using SELaD (See Appendix B). As all family mem-
bers participated in the interview at the same time, we gathered
both individual perspectives from each member and any consensus
reached during the discussion of each interview question.
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5.3 Data Analysis

Our analysis using thematic analysis [13] focused on the families’
reflection pattern, the use of various data types, the insights the
family gained from the reflection, and the factors that contributed
to the reflection. The entire reflection dialogue of a family lasted
around 20 minutes, and the post-interviews about 30 minutes were
recorded and analyzed. Screen recordings of user interactions with
SELaD were also utilized to provide a contextual understanding of
the reflection process. We first transcribed all family conversations
from the data reflection phase and identified “reflection instances”
where instances are delineated based on conversational boundaries,
such as pauses longer than three seconds, shifts in focus to a differ-
ent time point in the data, or clear topic transitions. Families differed
in how actively they reflected during the reflection session. On av-
erage, families engaged in 19.24 reflection instances (SD = 8.49).
The family with the fewest instances (Family 6) showed 9 instances
of reflection, whereas the family with the most (Family 10) showed
42 instances. In total, we identified 327 reflection instances.

Table 4 summarizes how frequently each data type was refer-
enced during family reflections. For example, during a single reflec-
tion instance, a family noticed a high point in the stress level graph
and watched the corresponding video clip to understand what hap-
pened, and finally compared it with the facial expression data. Then,
the data types used in that instance were coded as “Stress” and “Fa-
cial expression.” Families differed widely in which data types they
attended to and how actively they used them. For example, the
“Keywords” data was used by 11 families, and 6 families did not
refer to it for their reflection. Across all sessions of all families,
keywords were referenced 23 times, indicating that some families
used this data repeatedly during the reflection. This corresponds to
an average frequency of 2.09 uses per family.

Subsequently, we revisited each reflection instance and coded
the types of insights families derived from the reflection, the types
of relational cues they used, and whether a deeper understanding

Table 4: Usage metrics for each data type in reflection: total
number of instances, number of families (percentage of all
families), and average usage frequency per family.

Data Type # Instances  # Families Freq
Keywords 23 11 (64.7%)  2.09
Positive words proportion 27 12 (70.6%) 2.08
Conversation visualization 35 16 (94.1%) 2.19
Speaking speed 4 2(11.8%)  2.00
Speaking initiation 5 5(29.4%) 1.00
Conversation proportion 26 11 (64.7%) 2.27
Number of questions 13 8(47.1%)  1.62
Eye contact 15 9(52.9%) 1.67
Facial expression 81 16 (94.1%)  5.06
Facial synchrony 9 7 (41.2%)  1.29
Stress 70 16 (94.1%) 4.38
Emotional arousal 25 13 (76.5%) 1.92
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or discovery about their family was observed. The interview an-
swers about their insights into the families’ social and emotional
behaviors provided contextual grounding for this coding process.
Two researchers separately read and coded approximately 50% of
the transcripts. After assigning initial codes, they reviewed the
codes, discussed discrepancies, merged similar codes, and priori-
tized themes based on their frequency of occurrence. They then
reached a consensus on the final coding results. In the following
result sections, we will present key themes regarding how families
engaged with these data types to reflect on their conversations and
social-emotional experiences.

6 Findings

In our study, we observed how family members interpret their
own and others’ social and emotional behaviors, and share
the interpretation in social or familial contexts. We call this
practice Relational Reflection. This concept builds on the idea of
dialogic reflection, which has been defined as “looking for relation-
ships between pieces of experience and knowledge during cycles of
interpretation and questioning [32].” Relational reflection goes be-
yond this definition by involving not only connections across one’s
own experiences and data but also the use of shared histories
and shared expectations on family interactions to interpret
data within a social or familial setting collaboratively. Below, based
on the results of the qualitative analysis of reflection sessions and
the responses from the interviews, in Section 6.1, we first show
how families gain insights about their speech patterns and emo-
tional influences from the relational reflection. Section 6.2 then
highlights how this relational reflection could be facilitated from
our observation.

For clarity, we denote each family member with the following
abbreviations: F for father, M for mother, and C for child, with
the family ID number (e.g., MO1 represents the mother of the first
family). Also, when family members refer to one another by name,
we denote them as [C01], for example.

6.1 Co-constructed Insights about
Social-Emotional Dynamics through
Relational Reflection

We observed that families used SELaD to examine their social-
emotional dynamics, such as how they talk to each other, who
dominated the conversation, and how their talk was shaped by oth-
ers’ influence. Through relational reflection using SELaD, families
collaboratively developed these insights into their group dynamics
from their previous conversation, with the use of shared histories
and shared expectations of family interactions.

In our study, families gained two types of insights: conversa-
tional patterns and emotional influence. In the following sections,
we will illustrate how the key elements of relational reflection —
shared histories, shared expectations on family interactions
- enabled families to develop these insights.

6.1.1 Recognizing and Evaluating Families’ Conversational Patterns.
One notable finding was that families used their existing shared
knowledge about how they usually talk, along with their expec-
tations of balanced family interaction, to recognize and evaluate
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conversation patterns surfaced through SELaD. These included
identifying the dominant speaker in conversation, assessing the
family’s turn-taking practices, and noticing positive language usage.
Since the conversational patterns are widely recognized as indi-
cators of communication quality, families focused on the speech
data components (i.e., Conversation Summary and Conversation
Behaviors) to interpret their conversational patterns.

To interpret speech data, families frequently recalled their shared
history, such as other family members’ habits, preferences, and
memories they’ve experienced together. Using shared family
history in reflection added relational context, which facilitates fam-
ilies to feel more personally engaged in the reflection. For instance,
M12 pointed out her husband’s conversational habit from the key-
words data, ‘T thought this was hilarious. (pointing to the keyword
‘anyway’ from the conversation summary section) He says the word
‘anyway’ so often.” This shows how M12 used her prior knowledge
of her husband’s frequent word choice to make sense of the key-
word data. Similarly, M04 commented on her low proportion of
positive words, recalling her existing speaking habit: “To be honest,
I'm definitely not a positive person. I know that I often push kids to
the extreme and sometimes use negative language. But I didn’t realize
I was also doing so in the previous conversation. Maybe my default
condition is too negative, and that’s why the positive words proportion
data shows that I did not use positive words.” By drawing on her
memory of using negative language toward other family members,
she could reconfirm that she did not use positive words.

Additionally, families often referred to their expectations of bal-
anced family conversation, which led them into the relational
reflection about their balance of conversation — when they identi-
fied a dominant speaker or noticed an imbalance, they connected it
to these expectations with self-evaluation. The dominant speaker
attempted to understand their own turn-taking practices by exam-
ining the data types of conversation proportion, speaking initiation,
and number of questions. When one family member dominated the
conversation, families noted an imbalance and questioned it. For
example, M12, noticing her own high proportion of speaking time,
remarked, “Oh, look at this — I'm dominating the whole conversation.
Is it desirable?” She believed that balanced conversation is desirable;
however, the data challenged her expectation of balance, prompting
reflection while questioning both herself and other family members
about whether this distribution was desirable. Families also tried
to understand the family’s turn-taking practices by looking at the
conversation visualization data. For instance, FO3 identified and
evaluated that their family’s turn-taking dynamic was good: “When
I look at the conversation between the three of us, dad, mom, and
child, it seems like we’re constantly taking turns back and forth. I
talk, then mom talks, and the child talks in the middle. It’s like a toss
over another toss. I think that’s how we talked well.” In this case, FO3
valued back-and-forth turn-taking as a desirable way of communi-
cating, and because their data followed this pattern, he concluded
that they had talked well.

Beyond recognition and evaluation of their own conversation,
the relational reflection on conversational patterns often led fami-
lies to feel a need for positive changes, such as practicing listening
more or being more responsive to other family members. For in-
stance, M09, who was the dominant speaker in the family, reflected
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on her dominance in conversation and noted the need to practice lis-
tening more: ‘T need to talk less. Yes, I already knew I talked too much.
However, looking at the conversation proportion, I realized I really
need to look back on myself. I think I need to practice listening more.”
MO09’s reflection was also grounded in her expectation for balanced
conversation, which motivated her to commit to self-improvement
by speaking less and listening more.

6.1.2  Discovering Emotional Influence within Families. A key find-
ing was that families leveraged their prior knowledge of how they
usually reveal their emotions, connecting with their expectations
about emotional synchrony and the appropriate expression, fo-
cusing on their emotional dynamics using SELaD. Since express-
ing appropriate emotions and identifying and responding to each
other’s feelings is an important nonverbal skill of empathetic con-
versation, families paid attention to these emotional influences
while interpreting the emotional data, such as facial expressions
and stress levels. Prior research in family informatics showed that
families want to understand the ripple effects across family mem-
bers, how their behaviors and moods affect each other [88]. Our
system supported these needs by enabling families to contextualize
individual emotions within the family setting and the discovery of
emotional influences often fostered empathy, feelings of connection,
and perspective-taking.

We observed that families” expectations of good family commu-
nication involved emotions being well synchronized. When this
expectation was connected with their shared history about emo-
tional tendency, they could reveal patterns they had not expected
or previously recognized. For example, the father, F04, a person who
displayed fewer expressive facial cues, however, his physiological
data exhibited fluctuations in emotional arousal level. This led the
family to interpret that he actively engaged in the conversation
even if he did not outwardly express. M04 highlights this discovery:
‘I'm the one talking the most. It means there must be others in the
family who don’t talk much, such as a teenager in adolescence or a
blunt husband. I might get to know them over time, but it’s still hard
to understand their feelings and thoughts if they don’t talk much.
But seeing SELaD, I can see that [F04] is also experiencing emotional
fluctuations or emotional synchronization when I'm feeling sad. It
makes me realize that this person is not a robot, and it can actually
be comforting.” In this example, the family drew on their shared
history of F04 being less expressive, and combined it with the ex-
pectation that emotions should be synchronized and shared within
the family. Although F04 rarely showed his emotions outwardly,
the emotional data revealed that he was resonating with M04’s
sadness, in fact. This understanding allowed M04 to find comfort
in recognizing their emotional connection, which was difficult to
explicitly express in words.

We also observed families’ expectations about a positive influ-
ence on one another. When their data contradicted this expec-
tation, they often expressed surprise and sometimes questioned
whether they had caused a negative effect. For instance, M12 was
interpreting C12’s peak of stress level with the conversation vi-
sualization and realized that she was the one speaking when the
child’s stress was high. She was surprised and remarked, “Why
[C12] is stressed... Is it when I'm talking? Because of me?” Then, upon
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checking the video, both she and the child became engaged in iden-
tifying the cause together. Another example involved participants
reflecting on their negative facial expressions and, in doing so, rec-
ognizing criticisms from others that they had previously dismissed.
Seeing themselves in the data helped them to take these remarks
more seriously and to acknowledge the impact of their expressions.
For example, M06, upon seeing her emotion data and facial ex-
pressions toward the child in the video, realized the impact of her
negative manner and reflected: “Do I usually talk with this face?”
and C06 responded “Usually, your angry face looks even harsher than
the video.” In the interview, she described her insights about that
moment, “When I reflected on the way I was talking, I realized I was
trying to take control of other family members. I finally understand
what my son meant when he said I'm ‘always angry’ and ‘like an
angry bird, which I hadn’t recognized the significance until now.’
This shows that relational reflection could uncover dismissed be-
havioral cues as meaningful insights. In this example, M06 drew on
the shared history of her facial expression, frequently commented
“always looks angry,” to understand its seriousness after seeing her
expressions and their effects on others in the data.

2]

6.2 Facilitators of Relational Reflection

In our study, not all the family dialogues we observed led to the
relational reflection previously illustrated, nor did all families ex-
perience them in the same way. In some cases, reflection prac-
tices stopped at merely looking at the data charts, explaining what
they’ve seen. Based on these differences, we analyzed when the
reflection moved beyond superficial observations toward a deeper
understanding and discovery about their family. Our analysis iden-
tified four key factors that facilitate relational reflection — two
related to the characteristics of emotional data itself (Section 6.2.1
and 6.2.2), and two related to how families used these data (Section
6.2.3 and 6.2.4) — which we elaborate on in the following sections.

6.2.1 Ambiguity of Emotional Data as Catalyst. The reason families
use emotional data to discuss more than speech data types is its
inherent ambiguity, making them harder to interpret and more
open to differing interpretations among family members. Families
engaged with emotional data, such as facial expression and stress
level, more frequently and for longer periods than with speech-
related data. Table 4 shows that emotional data were recalled more
often than speech data (i.e., with a higher frequency of usage).
Unlike straightforward conversational data, these emotional data
carried ambiguous information, and the interpretation of emotional
signals highly relies on shared contextual understandings, aligning
with the prior research about the stress signal [49].

This nature of emotional data provided an opportunity for rela-
tional reflection, where families could understand one another by
recalling shared history or expectations. When the data diverged
from their shared history or expectations — for example, when there
was a shared knowledge that someone rarely expresses emotions,
yet the facial expression data showed many fluctuations - they
raised questions. Similarly, families usually expected that the fam-
ily conversations had been conducted in a generally ‘happy’ mood,
but the data did not reflect that; they questioned it and checked the
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context through video, eventually converging on an interpretation
that could explain the discrepancy.

While the ambiguity of emotional data sometimes acted as a
catalyst for deeper discussion, at other times, such ambiguity un-
dermined the accuracy of emotional data, making it difficult for
reflection to be sustained. When people judged the emotional data
to be incorrect during the reflection, they disengaged and com-
pletely stopped using that data in subsequent reflection. Especially
in the case of facial expression data, unlike physiological sensor
data, people could directly validate the data, whether their expres-
sions were accurately represented, via the video. Thus, when the
facial data appeared counterintuitive or erroneous, they began to
doubt the accuracy of the data itself. For example, Family 5 found
the facial expression data erroneous by matching it with the video.
F05 initially doubted, saying, ‘I don’t think this fluctuating data is
correct,” to which M05 added, “[C05] is calm, very calm, in the video”
and C05 also denied the data chart, stating, “Did I feel ‘Disgusted’?
‘Scared’? What?” The family ultimately justified their doubt, noting,
“Tthink it’s because the emotion detection is only based on the look on
the face, so it can be low accurate.” They also criticized the emotion
categorization itself. M15 stated in the interview, “Data shows that
fear, anger, and sadness came out for my emotions, but I couldn’t
really agree with that.”

6.2.2 Misalignment between Multiple Emotional Data. Through the
reconciliation process of discussing misalignment across emotional
data from different sources, families were able to actively engage in
sharing their own interpretations and reflecting on the very nature
of emotion. For example, families often expected that when stress
data from the physiological signal was high, it would also align with
facial expressions captured in the video data. However, the results
did not always show such alignment. In these moments, families did
not simply rely on one of the two sources; families came to realize
that inner feelings might differ from outward expressions. When
C04 asked a question about the stress level data, “Why was my stress
level so high at that moment, different from the facial expression?”,
Mo04 responded, “Maybe you were pretending to be fine but actually
weren’t.”

When it is combined with the shared history of a family, these
discussions further enable families to discover new aspects of a
person’s emotions. For example, C02 and F02 were able to collab-
oratively draw an insight about M02’s emotion regulation from
stress level data. As C02 discovered that “[M02] seems to be highly
stressed out,” F02 added to the discussion that ‘I think this was be-
cause she is suppressing her emotions. [M02] has high self-control, so
her stress level came out high.” C02 further developed the discussion,
moving on to another data point: “fM02] suppresses a lot. Look at
the ‘Happy’ graph. Our graphs are similarly high, but [M02]’s graph
is different from us.” From this reflection, C02 noted that in the
interview, C02 came to discover something new about his mother -
that she tends to hide her emotions - in the interview. This example
illustrates how families used their prior knowledge, which is the
understanding that M02 often suppresses her emotions, to explain
the misalignment between multiple emotional data sources.

6.2.3 Guiding Emotional Disclosure. Encouraging people in the
group to share thoughts about their own emotions was an important
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facilitator of relational reflection, since we observed that many
participants were not accustomed to revealing their feelings. When
participants were reluctant to disclose their emotions, relational
reflection became difficult. For example, in a few families, children
refused to re-watch the video at the beginning of the reflection
because they felt embarrassed, and thus did not actively participate
in the interpretation phase.

In the family context, it is particularly important to guide chil-
dren to actively engage in reflection, since they have difficulty
recognizing their emotions [78] and often show reluctance to share
their emotions in an unfamiliar environment. Thus, in our study,
this guidance largely becomes the parents’ role. For example, M12
consistently prompted her child to reflect about others’ emotions
and behavior with questions such as, “When do you think Dad was
sad? (pointing emotion expression chart)”, “Why do you think this
data appeared?”, and “Aren’t you curious when [C12]’s stress level
was at its highest?”. As a result of these prompts, C12 began to en-
gage with his own data during the discussion and was able to make
emotional reflections such as, ‘I feel like I'm not stressed usually, but
maybe there are times when I'm unconsciously stressed, while talking
about the English academy.” For this parental guidance, SELaD’s
question-type prompts helped parents initiate discussion, reading
the prompts word-for-word. For example, M14 read the prompt of
the Conversation Summary section, “‘(Reading the prompts) When do
you think was the moment our family all found it most enjoyable and
actively participated? ... Reminiscing? Was it during reminiscing?”

In contrast, when parents did not provide appropriate guidance,
the reflection process was hindered. Few parents exhibited an au-
thoritarian conversation style, which does not leave room for open
dialogue, focusing primarily on their own data or even blaming
other family members during the reflection. For example, M06
pointed to others’ number of questions and said, ‘T asked so many
questions, but how can you have this low? Conversations require
asking questions and listening. You never engage in a conversation—
that’s why I keep getting mad at you.” These definitive statements
often limited the alternative perspectives and the opportunities for
reflection.

6.2.4 Equal Access to Data Among Family Members. We found that
equal access to data across the family members provided opportuni-
ties for those family members who are under the power imbalance
to raise concerns about them, thereby ensuring everyone a symmet-
ric opportunity to lead the relational reflection. Specifically, in our
study, children could point out the dominance of the conversation.
For example, C06, who was talking with a mother who scolded C06
because of the low number of questions, pointed out his mother’s
conversation proportion and responded, “Mom does most of the
talking, which is mainly nagging, and I don’t have a chance to chip
in.” This suggests that presenting data symmetrically to children
can provide them with more opportunities to engage and voice
their perspectives, even in cases of authoritarian dialogue.
However, we also found that certain factors could hinder equal
access and relational reflection, most notably issues of data literacy.
While participants reported that level-based charts were generally
intuitive and helpful for understanding the data, some families —
both parents and children - occasionally struggled to understand
the meaning and analysis of physiological data types such as stress
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level, emotional arousal. Although these difficulties sometimes stim-
ulated further discussion and encouraged families to construct their
own interpretations, we also observed that children tended to defer
to their parents’ interpretations. This highlights the importance of
ensuring children’s symmetric access not only to the data itself but
also to the interpretive process.

7 Discussion

7.1 Relational Reflection using Family
Informatics

In this study, each process of “Relational Reflection” on family con-
versation data was identified as illustrated in Section 6. Based on
our observation, we discuss how it differs from prior concepts of
dialogic reflection [32], collaborative reflection [76], and shared re-
flection [40].

Fleck and Fitzpatrick noted that dialogic reflection can be fos-
tered when “an alternate perspective can also be provided by another
person” [32]. Our study extends this claim by showing how social-
emotional data of conversation enabled such alternative perspec-
tives and what insights they could gain from the reflection in the
family context. In our study, we observed cycles of interpretation
and questioning that align with Fleck and Fitzpatrick’s description
of dialogic reflection — connecting data with one’s own experiences
and iteratively interpreting them [32].

Building on this notion, we applied it in family settings using
social-emotional data rather than individually tracked health data
(e.g., sleep, diet, physical activity) that the existing family infor-
matics have focused on [68, 87, 93]. This context revealed how
relational reflection goes beyond dialogic reflection: families not
only connected data with their own experiences but also collabora-
tively interpreted it by drawing on their shared histories and shared
expectations of family interactions. These insights can further ex-
tend the existing family informatics literature that has focused on
tracking data for pre-defined goals (e.g., achieving physical activity
records) by fostering active discussions about their conversation.
They could interpret and reflect on their conversational behaviors
using their knowledge about conversational habits or emotional
tendencies. This relational reflection could enhance self-knowledge
and a deeper understanding of other family members’ experiences.

Our findings also differentiate relational reflection from existing
notions of shared reflection and collaborative reflection. Shared
reflection refers to cases where individuals independently collect
data and later exchange reflections [40]. In contrast, relational re-
flection centers on data from joint activities (e.g., family mealtime
conversation), which enabled insights about group-level dynamics
- conversational balance, emotional synchronization, and interac-
tion styles — that cannot be captured through individually tracked
data. Prior family informatics systems have primarily tracked the
individual indicators rather than relational dynamics. However, un-
derstanding family dynamics could be one of families’ key interests
as Pina et al. found that families were interested in seeing “ripple
effects” in how one member’s behaviors influence others [88]. Rela-
tional reflection extends this line of work by centering reflection on
joint activities, giving family members a shared context in which
to exchange perspectives about how they affect one another and
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to discover new insights about their emotional influence. Collabo-
rative reflection often involves collective analysis of one person’s
data by professionals (e.g., medical or educational teams) [76]. By
contrast, relational reflection distributes both data and interpretive
agency across all family members. Symmetric access, especially
for children, ensured that no single perspective dominated and
that even marginalized voices could contest, negotiate, or propose
changes.

7.2 Multisensor-mediated Relational Reflection
on Social-Emotional Behaviors

We found that emotional data played a key role in helping families
to become deeply engaged in relational reflection in Section 6.1.2.
This was because emotional data facilitated reflection in two ways:
first, its inherent ambiguity prompted participants to engage in
questioning and validating the data, thereby extending the reflec-
tion and anchoring it more closely in the relational context (Sec-
tion 6.2.1); second, multiple types of emotional data enabled families
to reflect on the combination of different data types, rather than
the single source (Section 6.2.2). Building on this observation, we
argue that relational reflection can mitigate some limitations of
the emotional sensing system by enhancing the contestability of
emotion sensing,.

Existing approaches to emotion sensing have been critiqued for
their narrow focus on the individual, framing emotions primarily
as internal states to be tracked and optimized through behavioral
adjustments and self-improvement technologies [45]. Also, the sim-
plification of emotion classification, Ekman’s seven emotion cate-
gories [27], can reduce the nuanced complexity of human emotions
into discrete categories [11]. Such approaches overlook the inher-
ently social and interactional meanings of emotional expression,
reducing complex relational dynamics into decontextualized met-
rics. Howell’s work [45] offers a critical alternative, arguing for
design goals that move beyond mere detection and categorization
toward human-centered emotional reflection and interpretation.

Aligning with this perspective, relational reflection can reduce
risks of blind trust [23] by allowing discussion on the data validity.
In our findings, families questioned the accuracy of the data or noted
that their emotions could not be neatly categorized into predefined
labels in SELaD. We also directly observed a case where skepticism
raised by a family member regarding physiological data prompted
others to critically reassess the system’s validity in Section 6.2.1.
Although such skepticism sometimes led to disengagement from the
relational reflection process, providing opportunities to critically
examine the validity of data also stimulated reflective dialogue.

Additionally, our findings show that multiple data types of SE-
LaD enabled participants to avoid fully relying on a single source;
when one type of data appeared questionable or difficult to inter-
pret, they cross-referenced it with others in Section 6.2.2. These
highlight the value of multiple data types in emotion sensing,
where sensing technologies remain imperfect and emotional states
lack a definitive ground truth due to their inherently ambiguous
nature [11]. This practice fostered holistic reasoning through the
integration of multimodal emotional sensor data, or multisensor fu-
sion at the data level [25], addressing the limitations of each sensor
data.
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Based on these findings, we propose design directions for family
informatics systems that visualize multimodal emotional data to
better facilitate relational reflection. First, highlighting misalign-
ments by design. If systems automatically detect inconsistencies
across data types (e.g., high physiological stress with low facial
arousal), users can more readily initiate relational reflection around
why those discrepancies occur. Second, progressive disclosure of
information. SELaD currently uses chart-based representations that
expose full datasets with minimal abstraction. While comprehen-
sive, it can impose cognitive load when families try to synthesize
multiple modalities at once; conversely, overly simplified views risk
undercutting interpretability. Progressive disclosure can mitigate
this tension by presenting an abstracted overview with on-demand
drill-downs to specific data timelines.

While we previously discussed ways to support the use of multi-
modal emotional data, it remains important to address the risk that
over-reliance on sensor-driven feedback can diminish users’ agency
in interpreting their emotional data. To mitigate this, researchers
recommend presenting feedback as hypotheses rather than conclu-
sions, thereby inviting discussion and correction [45]. One approach
is to allow users to confirm or re-label their data, which fosters a
sense of ownership. This can be supported through features such as
selective sharing via manual clicking or interactive modification of
data points [28]. Systems that support the co-construction of mean-
ing further encourage active human-data interaction, facilitating
deeper reflection rather than passive acceptance [43].

7.3 Scaffolding Relational Reflection with
Children

We found that both parental guidance to support children’s emo-
tional disclosure (Section 6.2.3) and providing equal, symmetric
access to data for all family members (Section 6.2.4) strengthened
relational reflection; in both cases, children were central to the
process. For children, achieving a shared understanding of their
family’s social dynamics is particularly important: family reflec-
tive practices around emotion facilitate the parental socialization of
emotion [26], the process through which parents shape children’s
emotional understanding and regulation, thereby supporting the
development of emotional awareness and regulation skills. In our
study, we found that providing question-type prompts helped fami-
lies who were unsure about how to interpret the data (Section 6.2.3),
supporting their engagement in reflection. This highlights broader
design implications for supporting novice data interpreters, partic-
ularly children, in family settings.

For instance, we could design a system that elicits, shares, and
stores family members’ views about shared history and expecta-
tions, and uses them to prompt family-specific data interpretation.
Designs that allow each family member to contribute personal
annotations can further enable collective storytelling and shared
meaning-making [53]. Similarly, Storywell integrates reflection into
narratives, encouraging parents and children to discuss daily activ-
ities through themed questions, which improved motivation and
engagement in health tracking [92]. Reflection Companion uses
adaptive “mini-dialogues” based on scripted reflective questions
to promote reflection and behavior change in families [65]. The
format of such guidance can also be diversified; for instance, the
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potential of audio-based prompts can be explored, as speech inter-
faces can improve accessibility and engagement in health-related
self-reporting [87].

Our findings show that symmetric access empowered children’s
conversational dominance and participation in steering reflection
(Section 6.2.4), whereas authoritarian guidance hindered open di-
alogue (Section 6.2.3). However, ensuring equal access to every
participant requires explicit attention to data literacy, especially
for the children. As shown in our findings, children, in particular,
often rely on parental guidance to interpret sensed data, potentially
undermining their autonomy and limiting opportunities for inde-
pendent reflection [4]. These tensions highlight the importance of
designing systems that account for varying literacy levels within
families, ensuring that all members can meaningfully participate
in the process of collaborative data interpretation. To bridge this
gap and support their agency, family informatics systems could
incorporate child-centered scaffolded visualizations. Instead of raw
graphs, systems could offer metaphoric visualizations (e.g., islands
floating on the sea [49]) that map complex social-emotional be-
havioral data to intuitive concepts through the co-design study
with children. Furthermore, systems could include literacy tutorials
specifically designed for children, ensuring they understand how
data is collected and processed before the reflection session begins.
This could empower children to enter the conversation as informed
equals.

Relational reflection can redistribute power by scaffolding chil-
dren’s participation. In our findings, we observed cases where
children actively commented on the conversation imbalance (Sec-
tion 6.2.4), increasing their awareness of the imbalance. In prior
research on personal informatics, this awareness can prompt users
to change their behavior through consciousness raising, outcome
expectations, self-efficacy, and self-management [54]. Therefore, fu-
ture work aiming to change behavior through relational reflection
could consider how these factors are supported by system design.
For example, the system could track conversational dynamics and
help families achieve more satisfying communication by offering
suggestions for more balanced participation [69].

At the same time, family informatics systems of social-emotional
data can reinforce or deepen existing hierarchies—and our findings
reflected this risk. In Section 6.2.3, a family member pointed out that
the others had asked too few questions. Rather than interpreting
social-emotional data as an opportunity for reflection, she treated it
as a metric to be achieved. This interpretation could create pressure
for the child to speak in particular ways and to display specific
emotions. To mitigate these risks, future designs should facilitate
democratic operation. Critical actions, such as initiating recordings
or launching reflection sessions, should require mutual consent
instead of being controlled solely by a parent. In addition, integrat-
ing therapy-supported reflection could reduce potential harm [34].
For example, therapists can review social-emotional data alongside
families and provide structured guidance. If the therapist identifies
relational concerns, they might suggest communication strategies
or conversational prompts that support healthier communication
dynamics.
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7.4 Privacy Concerns

Privacy remains a recurring concern in the literature on family
informatics [52, 87, 88]. In our study, however, the majority of
families’ children (15 out of 17) explicitly expressed that they felt
comfortable with sharing data as long as the data is shared exclu-
sively among family members and not with others. One reason may
be that the system allows children not only to show their own data
but also to view their parents’ data, creating a sense of symmetry
in access [64].

Even if strong concerns were not evident in our study, privacy
risks remain important. As noted in Section 7.3, privacy can be un-
evenly protected in settings involving children, especially because
the system handles sensitive emotional data. According to contex-
tual integrity theory [82], privacy expectations are shaped by the
specific context and norms surrounding the flow of information. For
example, children may agree to share data in one situation but feel
differently in another, depending on the social boundaries of that
context, such as who is involved and how the information is shared.
In our study, some families noted that sharing social-emotional
data felt acceptable to them, but it could introduce privacy risks for
other families with more conflict — for example, a parent reacting
negatively after seeing a spike in the child’s stress in their con-
versation. Even when a family does not experience overt conflict,
they may still be reluctant to share social-emotional data when the
conversation topic is sensitive, such as household rules, academic
performance, or peer relationships.

If future systems with social-emotional data are designed, they
would need to carefully account for the contextual privacy risks
discussed above, rather than assuming that such data should always
be shared. One possible data-sharing strategy could be contextual
consent to help navigate these boundaries. For example, the system
could flag instances where a child’s emotionally sensitive data,
such as stress peaks or negative facial expressions, is about to be
shared with extended family members, prompting caregivers to
confirm whether such disclosure aligns with the child’s privacy
boundaries in that context. Another approach is to support granular
privacy control [67]. Children should be able to blur or hide specific
segments of data (e.g., a “private mode” for selected conversation
topics or the option to pause data collection) without requiring
parental approval.

8 Limitations

One key limitation of our study is that it was conducted in a con-
trolled lab-based setting rather than through real-world deployment.
The user study involved three pre-selected conversation scenarios
conducted in a house-like testbed environment. While this setting
enabled data collection under consistent conditions, it may have
introduced artifacts such as participant discomfort with the cam-
era, constrained interaction angles, or unnatural conversation flow
prompted by assigned topics. In addition to environmental con-
straints, our sample consisted of seventeen self-selected Korean
families. As a result, the study may not fully capture the diversity of
parenting styles, emotional climates, or socio-cultural factors that
shape family dynamics. This limited scope restricts the generaliz-
ability of our findings and highlights the need for future research
involving more diverse populations. In addition, the child’s position
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within the family can raise ethical concerns about power dynam-
ics, especially when children feel unable to express their views or
privacy concerns. Future work could address this by conducting
follow-up interviews with children separately from their families or
by involving child-development specialists to help elicit children’s
perspectives in an age-appropriate way. Moreover, our thematic
analysis focused primarily on explicitly spoken reflections. While
we verified these instances through screen activity and logs, non-
verbal or indirect forms of reflection may have gone unrecognized.
Future studies could integrate more comprehensive multimodal
approaches to capture a fuller range of reflective behaviors in the
analysis.

A system-level limitation of SELaD is the accuracy of its emo-
tion recognition models, particularly for certain categories such as
sadness, due to model bias and a lack of training diversity. While
the current prototype served as a proof-of-concept, future itera-
tions should improve model robustness and accommodate a wider
range of settings. Beyond technical limitations, participants re-
ported usability issues with the data components of the system. For
Conversation Summary, participants found it difficult to understand
the temporal context of the keyword or positive words (e.g., when
a specific keyword was spoken). To address this, future designs
should integrate timestamp-linked transcripts or visual cues that
highlight keyword usage over time.

9 Conclusion

This study demonstrated how multimodal social and emotional
sensing data can facilitate relational reflection in family settings.
We designed and implemented a family informatics system called
SELaD with multimodal data and conducted a user study with
17 families. Our results showed that the families explored their
social and emotional behaviors, collaboratively interpreted their
interactions, and gained deeper insights into family dynamics.

In response to RQ1-2, families reflected on multimodal social-
emotional data by recalling shared histories and shared expecta-
tions, and they co-constructed insights about conversational pat-
terns (e.g., recognizing dominant speaker, turn-taking, positive
words) and discovery about emotional influence. This could facili-
tate not only self-evaluation and feeling a need for positive change,
but also empathy and perspective-taking. In response to RQ3, we
identified key facilitators: the ambiguity of emotional data as a cata-
lyst for deeper discussion; the misalignment across data types (e.g.,
stress level vs. facial expression) to question, validate, and reconcile
interpretations; parental guidance and question-type prompts that
helped initiate reflection; and equal, symmetric access that enabled
children to participate in the reflection.

By integrating these findings, we suggested design implications
for relational reflection through making emotion sensing more
contestable and supportive of family sensemaking, (i) technologies
leveraging multimodal social-emotional data, (ii) prompts to scaf-
fold the data reflection of families, (iii) strategies to mitigate the
ethical concerns from usage within a family and from the use of
social-emotional data.
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A Question-type Prompts in Each Data Section
and Related SEL Competencies

Hyesoo Park, Sueun Jang, Hyunsoo Lee, Jennifer G Kim, and Uichin Lee

Sections

‘ Question-type Prompts

Related Competencies

Conversation Summary

Did the topics and keywords of the conversation match well? What was the
proportion of positive words used by each member?

Self-awareness

Identify the strengths and weaknesses that appeared in the conversation.

Self-awareness

Did you communicate well to the other family members what you want and
what you are pursuing?

Self-management

Conversation Behaviors

actively participated? Why do you think so?

When do you think was the time your family engaged in the conversation | Relationship skills
most? What do you think were the feelings of the other family members at that

time?

When do you think was the moment our family all found it most enjoyable and | Relationship skills

Do you think that everyone in our family equally participated in the conversa-
tion? Why do you think so?

Social-awareness

Interaction Behaviors

What emotions did you mostly feel during the conversation? Why did you feel
those emotions?

Self-awareness

What emotions did the family members feel? What makes you think they felt
those emotions?

Social-awareness

Do you think the family members generally felt synchronized emotions? How
did their emotions change?

Social-awareness

Physiological Response

Who seemed to be the most excited? Why do you think so?

Relationship skills

Were you able to manage and express your emotions when discussing different
perspectives?

Self-management

Were the reactions of the family members similar to what you thought? Was | Responsible
there any family member who showed unexpected reactions? decision-making
Were you influenced by the emotions of other family members? Responsible

decision-making
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B Interview Questions Used in the User Study

Perception on Social and Emotional Data

(For each type of data) What do you think it represents?

Do you find each data helpful for understanding your family conversation better?

Which information was particularly useful, and which was difficult to understand?

If other types of information were needed, what kind of data do you think would be helpful?

How do you feel about sharing physiological and behavioral data with your family members through the system?

(For children) Do you think it would be okay for your mother, father, or other family members to see your data? If not, in what situations do
you think it would be inappropriate?

If this system were available for use at home, what concerns would you have?

If this type of system existed, do you think you would use it to understand your family’s emotional states, communication styles, and others
better?

Family Reflection Using Data Visualization

During your exploration of the system, when did you find this feature the most useful?

Do you think the data charts were useful in identifying and comparing the conversational styles of your family?

Did you use the question-type prompts to interpret the visualizations often?

Did watching the video along with the data help you understand your family’s emotions and interaction context? How did it help?

If there were discrepancies in data interpretation in co-reflection, what were they about, and how did each person interpret the situation?
When there were discrepancies in data interpretation, how did you resolve them?

As you reflect on the data together, did you discover any new information through others’ opinions?

Who took the lead in presenting opinions and guiding the direction of reflection?

Insights About Families’ Social and Emotional Behaviors

How do you think your family normally communicates?

Was today’s conversation different from your family’s usual conversations? If it was different, why? What aspects were different?
Do you think this tool helped you understand how the conversation was and what areas needed improvement?

Did you gain any new insights about your or other family members’ emotional states, conversational habits, or behaviors?
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C Implementation Details
C.1 Video Data Analysis

The recorded video files were about 30 minutes long, formatted as
1080p, 30 fps MOV files. After data collection, these were encoded
into MP4, h.264 format for compatibility with video processing. To
reduce computation time, video processing was conducted every 60
frames (2 seconds) instead of frame-by-frame. For each target frame,
the FaceDetection model from Google’s MediaPipe library was used
to obtain the face bounding box. Facial emotion recognition and
facial landmarks were detected for each target frame, and based on
these values, features such as total expressed emotions, emotion
synchrony, and eye contact were extracted every 600 frames (20
seconds) window. Person recognition was based on order-based
matching, as participants remained seated in the same positions
throughout the sessions.

e Facial Emotion Recognition is a method to extract values
for facial emotions. A pre-trained model [50] was used for
facial emotion recognition, which claimed to have achieved
73.11% performance on the FER2013 dataset [39] and 94.64%
on the CK+ dataset [72]. The model classifies each facial
expression into one of seven emotions (anger, disgust, fear,
happiness, sadness, surprise, neutral), returning an index
(0-6). This index is converted to a one-hot vector (e.g., 2 into
[0,0,1,0,0,0,0]), stored per target frame for further feature
calculation.

o Facial Landmarks Detection is a method to identify key parts
of the face. The facial landmarks were detected by the well-

known FaceMesh model from Google’s MediaPipe library [73].

This model detects 468 facial landmarks, each with their x,
y, and z coordinates. Extracted facial landmarks for each tar-
get frame were saved in a variable and used for calculating
derived features.

Subsequently, for each time window (20s), derived features were
calculated as follows:

o Emotional Expression, the total expressed emotions vector
of person i, denoted as TEE;, was computed by summing
the one-hot emotion vectors across all target frames within
a given time window, representing the frequency of each
expressed emotion.

e Emotion Synchrony, indicating the similarity between the
emotions of person i and person j, was calculated using the
Euclidean distance between their TEE vectors.

e Eye Contact, indicating whether one person’s gaze intersects
another’s facial bounding box, was calculated using facial
landmarks and bounding box values. To make this system
feasible with a single camera — suitable for in-home use — we
assumed a fixed-angle setup where participants are seated
side-by-side.

For emotion synchrony and eye contact, pairwise feature values
were averaged for the three pairs and then ordinally discretized
into four levels: low (0.0-0.25), moderate (0.25-0.5), high (0.5-0.75),
and very high (0.75-1.0).

Hyesoo Park, Sueun Jang, Hyunsoo Lee, Jennifer G Kim, and Uichin Lee

C.2 Speech Data Analysis

We utilized Naver Clova Speech Al [81] for its high performance in
Korean speech transcription. Initially, we processed transcripts for
the entire audio, by setting the minimum number of speakers to 3
for speaker diarization and sending the request. Then, we used the
acquired transcription.json for speech data analysis.

The transcription file provided data including the text of sepa-
rated segments, the diarized speaker, and start and end times of
each segment. Segment duration was calculated using start and
end times, and further analysis included calculating positive word
proportion, number of questions, number of speaking initiations,
and speaking speed (WPM).

o Positive words proportion was analyzed using Clova Semantic
Analysis Al [81].

o Number of questions was counted using question marks.

e Speaking initiation was counted equal to the number of seg-
ments.

e Speaking speed was calculated by dividing the number of
words in each segment by the segment’s duration in minutes.

To obtain Keywords, we aggregated speech segments by each person
and each conversation topic and extracted nouns using the Okt
tokenizer from the konlpy package [85] for morphological analysis,
and extracted significant keywords for each conversation topic per
person using the unsupervised learning-based keyword extraction
algorithm KRWordRank [58].

C.3 Physiological Data Analysis

In the SELaD system, physiological sensor signals were used to cap-
ture emotional arousal and stress levels, complementing observable
facial and linguistic emotional responses. Specifically, electroder-
mal activity (EDA) and inter-beat interval (IBI) data collected from
Empatica’s E4 wristband were used to infer affective states. While
these basic metrics (e.g., EDA peak count, HRV RMSSD) may be
sensitive to motion artifacts, our static, seated setup and use on
the non-dominant hand helped ensure signal quality. Given their
efficiency and validation in prior studies using E4 device [96, 103],
we found them suitable for system deployment.

e Emotional arousal level, which indicates how much a user
feels excited, has been studied to be associated with the pha-
sic component of the time-series EDA response [8, 12, 21].
A well-known method to determine the degree of temporal
arousal is by counting the number of peaks in the phasic
component within a given time window, where more peaks
are associated with higher emotional arousal levels. Follow-
ing the method proposed by Kim et al. [60], we processed
the EDA data by separating the phasic component, reducing
noise through convolution with a Bartlett filter, detecting
peaks based on zero-crossing detection, and finally counting
the number of peaks within a 60s time window.

e Stress level, which indicates how stressed a user is, was
calculated using the IBI signals the device provided. Varia-
tion between IBIs is known as heart rate variability (HRV),
a well-recognized stress reactivity indicator widely used
in HCI research [15, 57]. We employed a method to mea-
sure HRV by calculating the root mean square (i.e., RMSSD;
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\/T_l ST IBL,_1 — IBL|?) of consecutive IBIs, as it is suit-

able for calculating short-term HRV. A lower RMSSD indi-

cates higher stress. We calculated the average successive
RMSSD within a 60s time window using IBL

After extracting each level, we calculated the median absolute

deviation (MAD) and removed outliers exceeding the range of

median(x) + 3MAD. Before normalizing the calculated values, we

considered individual differences in physiological indicators among

CHI *26, April 13-17, 2026, Barcelona, Spain

users. To do so, we used data from the meditation session to anchor
one side of the normalization range, assuming it reflects a calm
baseline. For HRV, we used the maximum from meditation and the
minimum from the entire data, including conversation sessions; for
EDA peaks, the minimum from meditation and the maximum from
the entire data. We then applied min-max normalization using these
bounds. The normalized affect levels were ordinally discretized into
four levels: low (0.0-0.25), moderate (0.25-0.5), high (0.5-0.75), and
very high (0.75-1.0).



	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 From Personal Informatics to Family Informatics
	2.2 Observation of Social-Emotional Behaviors in Family Conversations
	2.3 Sensor-driven Reflection on Social and Emotional Data

	3 System Design
	3.1 Design Process Based on a Formative Study
	3.2 SELaD Design

	4 Implementation
	5 User Study
	5.1 Participants
	5.2 Procedure
	5.3 Data Analysis

	6 Findings
	6.1 Co-constructed Insights about Social-Emotional Dynamics through Relational Reflection
	6.2 Facilitators of Relational Reflection

	7 Discussion
	7.1 Relational Reflection using Family Informatics
	7.2 Multisensor-mediated Relational Reflection on Social-Emotional Behaviors
	7.3 Scaffolding Relational Reflection with Children
	7.4 Privacy Concerns

	8 Limitations
	9 Conclusion
	Acknowledgments
	References
	A Question-type Prompts in Each Data Section and Related SEL Competencies
	B Interview Questions Used in the User Study
	C Implementation Details
	C.1 Video Data Analysis
	C.2 Speech Data Analysis
	C.3 Physiological Data Analysis


