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Abstract 
Digital sleep diaries are widely used in clinical practice and re-
search to monitor children’s subjective sleep quality. A well-known 
limitation of survey methods is that children may not provide high-
quality responses because they cannot or are not motivated to do 
so. We examine how to design "live", continuous feedback in voice-
based sleep diaries in order to enhance the quality of children’s 
responses. In a co-design workshop, we explored children’s prefer-
ences for different forms of feedback. We designed and compared 
experimentally symbolic (smiley), numeric, and no-feedback condi-
tions, showing that both feedback types improved response quality 
across questions. Finally, an eight-day field study revealed that feed-
back resulted in higher and more consistent quality in self-report 
over time. Across these three studies, children valued playful and 
clear feedback, with preferences shifting depending on their cogni-
tive needs. Our findings provide evidence that effective feedback 
must balance affective engagement and cognitive clarity and adapt 
to different contexts. We contribute empirically supported design 
insights for creating child-centered voice-based surveys that aim 
to enhance children’s adherence in independent self-report sur-
veys. Our recommendations based on the study of sleep diaries can 
potentially be applied in other areas using voice-based surveys. 

CCS Concepts 
• Human-centered computing → Field studies. 
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1 Introduction 
At 9 p.m., eight-year-old Mia sits with her tablet, answering questions 
in a sleep diary about her day. She recalls waking up during the 
night and feeling tired in the morning, but stops after a few short 
sentences. There is no indication whether her answer is detailed enough 
to help her doctor understand her sleep patterns. The next day, her 
responses are even shorter. For many children, the absence of guidance 
or feedback during self-reporting can result in incomplete or low 
quality entries, limiting the usefulness of the data for clinical care. 

Diaries are a widely used self-reporting tool in research, educa-
tion and healthcare to capture experiences that cannot be directly 
observed, such as emotions, habits, or symptoms [97]. Unlike one-
time surveys, diaries require repeated entries, making both the qual-
ity of each individual response and the ability to sustain that quality 
over time critical to their usefulness. Yet obtaining high-quality 
entries from children is notoriously difficult [6, 23]. Compared to 
adults, children are still developing in language, memory, literacy, 
and self-regulation [82], which often leads to short, vague, or in-
complete responses in surveys and diaries [6]. These difficulties 
are especially in health-related diaries, where poor or inconsistent 
reporting can directly affect clinical interpretation. Among such 
tools, sleep diaries stand out as both widespread and clinically sig-
nificant. A sleep diary is a structured tool where individuals report 
bedtimes, sleep routines, nocturnal disturbances (e.g., media use 
before bed), and daytime functioning affected by sleep [17, 27, 106]. 
These diaries provide crucial information for clinicians to evaluate 
and treat behavioral sleep problems [118]. 

However, the value of these diaries depends directly on the 
quality of the recorded responses, which is not always sufficient 
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or consistent for clinical use, particularly in children. Here, the 
two challenges are especially pronounced: 1) children may not 
know what constitutes a "good" answer (response quality across 
questions) in one session, and 2) they may struggle to sustain 
consistent effort across days (response quality over days), which 
requires skills such as delaying gratification, focusing attention, 
managing emotions, and regulating behaviors [15, 20, 114]. This 
paper focuses on strategies to address both challenges, helping 
children produce high-quality responses for each question and 
sustain that quality over repeated diary use. 

Feedback offers a promising solution because it can guide chil-
dren in refining individual responses and motivates them to sustain 
effort over time. First, feedback can serve as guidance [91], directly 
addressing response quality across questions. By clarifying what 
quality performance looks like and how to achieve it, feedback 
helps respondents refine and improve their answers while they are 
still responding [9, 54]. In sleep diaries, where every response is 
valuable for clinical interpretation, leaving an answer suboptimal 
is a missed opportunity [112]. Second, feedback can support moti-
vation [34], helping maintain response quality over days. Positive, 
success-focused feedback enhances intrinsic motivation and persis-
tence [78, 81], which is especially critical for encouraging children 
to provide detailed, high-quality responses across multiple diary 
entries. 

A common approach in conversational systems is intermittent 
feedback [9, 105], where praise or encouragement is given only after 
a response [11, 56, 63], consistent with everyday conversational 
norms [44]. However, providing feedback only after the child has fin-
ished speaking means that any issues in the current answer remain 
uncorrected, and the opportunity to improve that answer is lost 
until the next question. In contrast, we focus on "live", continuous 
feedback [19]: feedback delivered in real time while the child is still 
speaking. Because it unfolds continuously and without interrupting 
the conversational flow, this feedback allows children to refine and 
expand their responses before they are finalized. This approach 
is particularly well suited to diary contexts, where children must 
generate answers on the spot without prompts or examples, making 
their responses especially prone to being brief or incomplete. 

Building on this idea, we implement continuous feedback in a 
voice-based conversational agent that functions as a sleep diary 
for children. The agent enables children to report their sleep ex-
periences through spoken dialogue, reducing literacy demands for 
those with limited reading and writing skills [22, 24, 52, 74, 96]. 
Yet, because spoken responses are generated spontaneously and 
without visual scaffolding, they can be fragmented or vague. To 
address this, our system provides "live", continuous, and visual feed-
back on response quality as the child speaks. This feedback updates 
dynamically in the user interface without interrupting the conversa-
tion, allowing children to adjust their answers in real time. Despite 
extensive work on feedback in conversational technologies [9, 11], 
its role in supporting response quality in children’s voice-based 
conversational diaries remains largely unexplored. 

To address the two central challenges of children’s voice-based 
diaries, improving the quality of each response and sustaining that 
quality across repeated entries, we conducted a series of studies that 
build upon one another. First, we carried out a co-design study to 
understand children’s perspectives on what makes response-quality 

feedback in conversation helpful or burdensome. Based on these 
insights, we developed two types of "live", continuous feedback, 
numeric (score-based) and symbolic (smiley-based), and integrated 
them into a voice-based sleep diary system. To evaluate whether 
these feedback types improve response quality across questions 
within a single reporting session (Challenge 1), we conducted 
a controlled lab study with 36 children aged 7 to 12. Continuous 
feedback significantly improved response quality across questions, 
although we found no significant difference between feedback types. 
To investigate whether continuous feedback could also improve 
response quality over days (Challenge 2), we conducted a field 
study with 24 children. In this study, we implemented an combined 
version of the diary that incorporated both numeric and symbolic 
feedback, and compared it with a no-feedback baseline to assess 
how feedback influenced the trajectory of response quality during 
repeated home use. 

This paper offers the following main contributions: 

• Insights from children on conversational feedback design, 
emphasizing the importance of clarity, interpretability, and 
low cognitive demand. 

• Empirical evidence from lab and field studies showing that 
continuous feedback improves children’s response quality 
both within individual sessions and across multiple days. 

• Design implications for continuous feedback systems to sup-
port high-quality response in child-centered voice diaries. 

Overall, our findings demonstrates that continuous feedback 
can support children in producing more consistent, high-quality 
self-reports in voice-based digital diaries. This work highlights 
promising directions for advancing pediatric medical and healthcare 
self-reporting systems through responsive, real-time guidance. 

2 Related Work 

2.1 Response Quality in Sleep Diary 
Data quality is crucial for the validity of behavior research in both 
academic and clinical settings [45]. Because clinicians, educators, 
and researchers often require diaries to be completed over several 
days or weeks, the data must be valid for each question and con-
sistent across multiple entries. For children, however, maintaining 
high-quality diary responses is especially difficult. Limited literacy 
skills and still-developing self-regulation abilities, such as delaying 
gratification, sustaining attention, managing emotions [7, 15, 114], 
and controlling behaviors, make it harder for children to engage 
consistently and provide detailed responses. 

2.1.1 Two Central Challenges of Response Quality for Children. 
Researchers have explored several strategies to improve response 
quality in self-reporting context. In online surveys, methods such 
as participant screening help ensure attentiveness [3]. In HCI, con-
versational interfaces have been shown to increase engagement 
and improve the quality of course evaluations [115], writing [85], 
and goal-oriented task performance [57]. Studies comparing input 
modalities indicate that voice-based interaction can elicit richer, 
more complete responses than text [67, 116]. However, few of these 
efforts target children, whose cognitive and communicative capaci-
ties differ substantially from those of adults. 
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Recently, Chen et al. developed a voice-based sleep diary for 
children and observed that voice interaction improved response 
quality during a five-day field deployment, but that children’s re-
sponses were still often incomplete and response quality declined 
across days [24]. These findings highlight two central challenges: 
achieving response quality across questions and maintaining response 
quality over days. 

2.1.2 Why Children-Specific Feedback Design is Needed. Devel-
opmental research shows that children interpret feedback differ-
ently from adults due to differences in language comprehension, 
cognitive load tolerance, and metacognitive monitoring [48, 93]. 
Children tend to rely on concrete, visually salient cues, respond 
affectively to symbolic indicators, and have difficulty integrating 
multiple feedback signals while simultaneously performing a task 
such as speaking [77, 88, 93]. As a result, feedback strategies effec-
tive for adults, or even adolescents, cannot be directly transferred 
to younger populations. 

This literature underscores the need to design from children’s 
perspectives: their developmental characteristics shape whether 
feedback is understandable, motivating, or usable during voice-
based self-report. Therefore, understanding how children perceive 
and interpret feedback is a necessary foundation for improving 
response quality in children’s sleep diaries. 

2.2 Functions of Response Quality Feedback 
In learning research, performance feedback is widely studied as 
a mechanism that influences both cognition and affect. Feedback 
not only conveys information that helps improve task performance 
(guidance), but also enhances persistence and engagement (motiva-
tion) by providing experiences akin to rewards and punishments 
[109]. These two functions map closely to the challenges outlined 
above: 

• Guidance supports response quality across questions by help-
ing children improve the completeness, relevance, and clarity 
of each response. 

• Motivation supports response quality over days by encourag-
ing children to remain engaged and maintain high standards 
across multiple entries. 

Below, we review existing research related to each of these func-
tions. 

2.2.1 Guidance. Guidance refers to the role of feedback in guiding 
task performance. Duijnhouwer et al. define it as “information pro-
vided by an external agent regarding some aspect(s) of the learner’s 
task performance, intended to modify the learner’s cognition, moti-
vation, and/or behavior for the purpose of improving performance” 
[41]. By signal what aspects of a response are successful or require 
adjustment, feedback helps individuals align their efforts more 
closely with task goals [5, 42]. 

Research across domains demonstrates the practical benefits 
of feedback for refining performance. In education, performance 
feedback improves motivation and supports learning and mem-
ory [34]. In motor learning, feedback reduces errors and sharpens 
skills [99, 101]. In writing instruction, formative feedback clarifies 
quality criteria and supports iterative improvement [54, 90, 107]. A 
similar positive influence has been reported in academic settings 

where high levels of teacher feedback are associated with better 
student [50]. Comparable effects appear in healthcare [9, 11, 86], 
games [2], and sports [110], where feedback guides users’ atten-
tion, strategy, and behavior. Despite extensive work investigating 
feedback as guidance in learning, health, and interactive systems 
[124], this function remain largely unexplored in voice-based di-
aries. We extend this research by investigating whether continuous, 
performance-related feedback can guide children toward producing 
higher-quality responses across questions in sleep diary entries. 

2.2.2 Motivation. Motivation refers to the role of feedback in main-
taining engagement over time. Intrinsic motivation, the desire to 
engage in a task because it is interesting or enjoyable, is a well-
established driver of persistence [31]. Feedback can foster this moti-
vation by reinforcing either wishes (positive feedback) or obligations 
(negative feedback), both of which strengthen long-term task com-
mitment [47, 71, 111]. 

Research shows that feedback helps maintain engagement and 
adherence in repeated-task settings. Detailed performance feedback 
improved productivity in daily data-entry work [104]; visualized 
feedback increased compliance with daily mood and interruptibil-
ity surveys [61]; performance feedback increased hand-hygiene 
adherence among healthcare workers [108]; and progress feed-
back supported sustained physical activity over a 12-week program 
[103]. These examples suggest that feedback can help users remain 
engaged even when tasks become repetitive or require ongoing 
effort. However, despite strong evidence in education, work, and 
health domains, the motivational role of feedback in children’s self-
reporting remains underexplored. Voice-based diaries require re-
peated engagement across multiple days, and children’s developing 
self-regulation and attention control make sustained high-quality 
reporting particularly challenging. 

In summary, feedback improves task performance and persis-
tence across many domains [61, 103, 104, 108], yet prior work rarely 
address the core challenge of maintaining high-quality responses in 
self-reporting, particularly for children. This paper addresses this 
gap by investigating how response-quality feedback can support 
both response quality across questions and response quality over days 
in children’s sleep diaries. 

2.3 Methods of Response Quality Feedback 
Performance feedback refers to information given to individuals 
about the quantity or quality of their past performance [94]. In diary 
contexts, this takes the form of response quality feedback, which is 
information that reflects how well a self-report aligns with expecta-
tions for completeness, relevance, and clarity. Previous research has 
introduced quantitative methods for calculating response quality 
in surveys and diaries [24, 72, 122]. 

In this work, we adopt a quantitative approach so children can 
receive clear and direct indications of the quality of each response. 
Guided by Semiotics [43], which describes how meaning is com-
municated through signs, and self-regulation theory [5], which 
emphasizes feedback for performance improvement, we categorize 
response-quality feedback into three widely used forms: numeric 
feedback, symbolic feedback, and progress feedback. 
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We selected these three types because they represent the dom-
inant ways performance information is conveyed in HCI, educa-
tion, and learning sciences [14, 68]. Numeric and symbolic signals 
map directly to semiotic representations, while progress feedback 
reflects cumulative self-monitoring in self-regulation theory. Im-
portantly, these formats are familiar to children from classroom 
dashboards, gamified apps, and learning systems [1, 60, 89], mak-
ing them cognitively accessible during ongoing conversation. We 
considered alternative feedback modes such as auditory cues [87], 
natural-language explanations [38], and narrative or character-
based feedback [13, 62], but excluded them to avoid confounds. 
These methods either lack strong grounding for conveying per-
formance quality or introduce entertainment elements that could 
overshadow performance signals. Therefore, our focus on numeric, 
symbolic, and progress feedback enables a controlled, theoretically 
anchored investigation of how children interpret response-quality 
cues. 

2.3.1 Numeric Feedback. Numeric feedback presents performance 
information in the form of numbers, scores, or ratings [59]. It is 
typically displayed in formats such as centesimal (percentage), ten-
point, or five-point systems, and often requires minimal interpreta-
tion by the user. Examples include numeric ratings in online reviews 
[59], personalized digital score feedback to improve exam perfor-
mance [18], student-rating feedback to enhance college instruction 
[29], and rubric-based scoring for formative writing feedback [120]. 
While such methods have shown clear benefits in education, their 
effectiveness for improving performance in diary tasks, particularly 
in children’s voice-based diaries, has not yet been examined. 

2.3.2 Symbolic Feedback. Symbolic feedback uses culturally famil-
iar visual cues to represent performance levels [95]. These symbols 
can convey meaning quickly and intuitively, and may include emo-
jis [100], thumbs-up/down icons [16, 92], or even visual metaphors 
such as flowers [88]. Research shows that symbolic feedback can 
influence emotional responses and interpersonal interactions [77], 
signal approval or disapproval in task performance [92], and re-
inforce learning through visual cues [88]. This approach may be 
especially suitable for children, who often find symbols easier to in-
terpret and more engaging than purely numeric scores. However, its 
potential to improve response quality in diary-based self-reporting 
remains unexplored. 

2.3.3 Progress Feedback. Progress feedback provides cumulative 
information about one’s performance over time [30, 102]. In clinical 
contexts, it supports routine outcome monitoring, allowing clinicians 
to track patient-reported outcomes across treatment sessions [30, 
70]. In education, progress feedback has been shown to improve 
mastery goals, self-efficacy, and writing performance [40], and 
adaptive progress cues in the conversational agent can motivate 
certain learners more effectively [32]. Although this feedback type 
is widely used in learning and clinical monitoring [30, 102], its role 
in supporting consistent response quality in children’s voice-based 
diary has not yet been explored. 

In summary, across education, communication, and clinical mon-
itoring, numeric, symbolic, and progress feedback methods have 
demonstrated effectiveness in guiding performance and sustaining 
engagement. However, none have been systematically investigated 

as tools for improving response quality in children’s self-reporting, 
particularly in voice-based systems that require both response qual-
ity across questions and response quality over days. Therefore, these 
three categories form the foundation for our co-design and subse-
quent user studies. 

2.4 AI-supported Automatic Continuous 
Feedback 

Recent advances in AI have enabled systems to deliver automatic, 
continuous feedback by comparing a user’s current performance 
against predefined standards or model responses. For example, Lod-
der et al. provided immediate corrective feedback in learning tasks 
by automatically evaluating learners’ responses against expected 
answers [76]. 

More recently, large language models (LLMs) and other AI tools 
have expanded the scope of such feedback systems. Duan et al. 
integrated GPT-4 into a Figma plugin to generate automatic contin-
uous design suggestions, demonstrating comparable effectiveness 
to expert human assessors [38]. Rosiana et al. combined natural 
language processing and scene understanding to automatically gen-
erate feedback on scene descriptions, increasing the efficiency and 
quality of audio description workflows [83]. Weng et al. developed 
an AI-based coaching system that delivered real-time guidance for 
basketball shooting, improving beginners’ technique, confidence, 
and self-awareness [117]. These examples illustrate the potential 
of AI-powered systems to provide immediate, context-sensitive 
feedback that improves user performance across a wide range of 
domains – from design and content creation to sports training. How-
ever, these capabilities have rarely been applied to self-reporting 
tasks, and to our knowledge have not yet been explored in children’s 
voice-based diaries. 

In this work, we leverage LLM-based techniques to automatically 
assess the quality of children’s spoken responses in a sleep diary, 
generate "live", continuous performance feedback, and display it 
dynamically in the conversational interface. This integration of AI 
ensures that feedback is both immediate and adaptive, enabling 
children to adjust their responses as they speak, thereby supporting 
clinicians’ and treatment planning for chronic conditions such as 
sleep disorders. 

3 Research Focus 
The primary aim of this paper is to enhance the response quality 
of children’s self-reports in a voice-based sleep diary. As outlined 
in our Related Work (Section 2.4), prior research suggests that AI-
supported, automatic, continuous feedback has strong potential 
to enhance user performance [38, 76, 83, 117]. However, no prior 
studies have examined how such feedback could be designed for, 
and applied to, children’s voice-based diaries. Our research builds 
on two key insights from the literature: First, as discussed in Sec-
tion 2.1, children’s developmental characteristics shape how they 
interpret and act on feedback, making it essential that feedback 
design starts from children’s perspectives. Second, feedback 
should address the two core challenges identified in Section 
2.1: improving response quality across questions and maintaining 
response quality over days. Based on these insights, we structured 
our work into four research questions: 
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• RQ1: What are the children’s preferences for the design of 
response-quality feedback in voice-based diaries? 

• RQ2: How does continuous response-quality feedback influ-
ence the quality of children’s answers across questions in a 
single session? 

• RQ3: How does continuous response-quality feedback influ-
ence the quality of children’s answers across multiple day 
entries over time? 

• RQ4: How do children perceive the continuous response-
quality feedback after using it in voice-based diaries? 

To address these questions, we conducted three studies: 

• Study 1 – Co-design: We used role-play activities to explore 
children’s perspectives on three types of feedback (Section 
2.3), numeric, symbolic, and progress, in conversational tasks 
(RQ1). 

• Study 2 – Lab experiment: We developed and integrated 
two "live", continuous feedback types (numeric and symbolic) 
into a voice-based sleep diary powered by LLMs. In a 1 × 3 
within-subject design, we compared these feedback types 
to providing no feedback to assess their effect on response 
quality across questions (RQ2). 

• Study 3 – Field deployment: We developed the continu-
ous feedback mechanism be more adaptive by combining 
numeric and symbolic feedback, and extended the system to 
an eight-day home study, using a mixed within- and between-
subject design to examine whether the feedback can affect 
response quality over days (RQ3) and to capture children’s 
post-use perceptions (RQ4). 

4 Co-design Study: Understanding Response 
Quality Feedback in Conversation 

To design effective response-quality feedback for children, we first 
needed to understand how they interpret different feedback types 
during conversational interaction. We therefore conducted a co-
design study in which children participated in small-group role-
play activities simulating conversational interactions. The purpose 
of this study was not to generate final design concepts, but to 
uncover which forms of feedback children find intuitive, motivating, 
or confusing. These insights directly informed the selection and 
refinement of the feedback mechanisms evaluated in our subsequent 
laboratory experiment. 

4.1 Study Setup 
4.1.1 Participants. We recruited 14 children aged 7-12 years (𝑀 = 
9.07, 𝑆𝐷 = 1.49), including eight boys and six girls. They were 
organized into five groups of two to three children each. Participants 
were recruited at a local public library and neighboring primary 
schools. All were native Dutch speakers. Co-design sessions took 
place in the public library or at our university. Parents could choose 
the location most convenient for them. 

The study received ethics approval from our university’s Ethi-
cal Review Board. Participation was voluntary and required both 
parental consent and children’s willingness to join. As a thank-you, 
each child received a small set of Lego bricks (retail value: €9.99). A 
summary of group composition is provided in Table 1. 

Table 1: Participant information for the participatory study 

Group Participants Gender Age 

1 
C1 boy 9 
C2 girl 9 
C3 girl 9 

2 
C4 boy 10 
C5 boy 8 
C6 girl 7 

3 
C7 girl 9 
C8 boy 9 
C9 boy 12 

4 
C10 boy 9 
C11 girl 12 

5 
C12 boy 7 
C13 girl 8 
C14 boy 9 

4.1.2 Materials. To keep the role-play engaging and to encourage 
reflection, we prepared a set of playful, tangible materials. 

Role masks. We created masks inspired by Tom and Jerry by 
Hanna and Barbera: Tom (asker) and Jerry (respondent). In addition, 
we created an Owl (a "wise helper" who evaluates Jerry’s answer). 

Conversation prompts. We prepared five lighthearted, imaginative 
questions (e.g., "What would you do if you were Superman for a day?"). 
These prompts were intentionally unrelated to sleep so children 
could focus on understanding and comparing feedback mechanisms 
without introducing sensitive or personally revealing topics. 

Feedback props. To explore children’s preferences for different 
types of response-quality feedback, we prepared physical represen-
tations of 1) numeric feedback (boards labeled 1-3, where 1 = poor, 
2 = average and 3 = good), 2) symbolic feedback (three emoji faces, 
where "neutral face" is poor answer, "smile" is average, and "laugh" 
is good), and 3) progress feedback (a path-based board using a small 
figurine that moves 1-3 steps depending on answer quality). 

Co-design materials. Children were also given clay, pens, paper, 
building bricks, and blank feedback cards to express or redesign 
their preferred forms of feedback. We used tangible materials in-
stead of digital interfaces because physical props reduce cognitive 
load, support hands-on exploration, and avoid prematurely anchor-
ing children to a specific interface style [37]. 

4.1.3 Procedure. After obtaining parental consent and child assent, 
a researcher explained the activity. Parents did not participate. Each 
group lasted around 30 minutes and included a role-play phase and 
a reflection & co-design phase (Figure 1). 

Role-play phase: The Owl acted as a scaffold, helping chil-
dren evaluate responses without needing to invent criteria. The 
researcher first demonstrated how the Owl determines whether an 
answer fits the question and then selects one of the three feedback 
types. This allowed the Owl-participant to focus on comparing 
feedback forms rather than creating judgment rules. In groups of 
three, Tom asked a prompt, Jerry responded, and the Owl pro-
vided feedback. For groups of two, Tom also acted as the evaluator. 



CHI ’26, April 13–17, 2026, Barcelona, Spain Shanshan et al. 

Figure 1: Co-design activities. 

this process using age-appropriate examples, so children could un-
derstand how to judge whether an answer fit the question. This 
scaffolding allowed the child in the Owl role to focus on comparing 
the feedback types rather than inventing judgment rules, ensuring 
meaningful participation in the evaluation task. 

Reflection & Co-design phase: After role-play, researchers 
conducted semi-structured interviews to explore children’s pref-
erences and interpretations of each feedback type. Children were 
then invited to create or re-design feedback using creative materials. 
Children used these materials in different ways: some built physi-
cal indicators of "good" or "bad" answers (e.g., towers or tokens), 
others drew new symbols or emoji-like expressions, and several 
redesigned numeric or progress feedback using shapes, colors, or 
story elements. The purpose of this activity was not to produce 
fully functional designs but to give children a concrete medium 
through which to express how feedback should look and feel. These 
co-design artifacts served mainly as prompts to support reflection; 
our analysis focuses on the observation and interview data. 

4.2 Results & Design Implications 
All participants expressed their preferences and opinions on the 
different forms of feedback. Only one of fourteen participants pre-
ferred the numeric feedback (number boards), while the majority 
preferred the symbolic feedback (smiley form). No participants 
chose progress feedback. 

We conducted a hybrid thematic analysis combining deductive 
and inductive approaches [65]. The initial deductive code frame 
was derived from the three feedback types examined in this study 
(numeric, symbolic, progress; Section 2.3) and constructs used in 
prior work on children’s interpretation of feedback (e.g., clarity, 
emotional response, perceived fairness, usefulness for improving 
answers). Two researchers independently applied these codes to all 
transcripts while remaining open to inductive additions when chil-
dren raised concepts not captured by the initial frame. Through it-
erative comparison, the researchers collaboratively refined a shared 
codebook and then independently recoded the full dataset. Discrep-
ancies were discussed in reconciliation meetings until consensus 
was reached. Interrater reliability was high, with Cohen’s Kappa of 
0.89 [80], indicating high agreement on the coded categories and 
consistency in how the data were interpreted. 

Three high-level themes emerged, each with implications for de-
signing response-quality feedback in children’s voice-based diaries. 

T1 Timeliness of feedback: Participants consistently pre-
ferred feedback that reflected the quality of their current answer 
rather than aggregated performance across multiple questions. As 
C5 explained, "I want to know if this answer is good now, not after all 
the questions." C1 also highlighted its corrective value: "If it’s wrong 
now, I can fix it now." These preferences reinforce the potential of 
"live", continuous response-quality feedback across questions to 
help children adjust their answers immediately, supporting higher-
quality self-reports. 

T2 Fun to interpret: Symbolic feedback, especially smileys, 
was described as more enjoyable and emotionally engaging than 
numbers. Children described smileys as playful and even socially 
interactive. As C7 said, "The happy face makes me happy...", while C3 
noted, "It’s more fun than just numbers. It’s like the feedback is talking 
to me." Embedding emotional or playful elements in feedback may 
therefore help sustain children’s engagement over repeated diary 
use. 

T3 Ease of understanding: Children found that progress 
feedback, which required them to interpret movement along a path, 
was difficult at the time of response. In contrast, the numbers and 
smileys were immediately clear. As C9 put it, "The pig walking is 
funny. I don’t know what it means for my answer." C2 echoed this 
preference for simplicity, "Numbers are easy. One is bad, three is 
good. Simple!" These findings suggest that progress feedback incurs 
additional cognitive effort that children cannot process at the same 
time they are responding. 

In summary, these findings indicate the value of feedback that 
is delivered in real time, emotionally engaging, and simple. The co-
design study also clarified why progress-style feedback is less suit-
able for in-the-moment conversational tasks with children, leading 
us to focus on numeric and symbolic forms of momentary feedback 
for subsequent lab and field studies. 

5 User Study: Evaluating Response Quality 
across Questions 

To address RQ2, we conducted a second study to examine how 
continuous feedback influences response quality across questions 
within a single reporting session. This study used a 1 × 3 within-
subject design, comparing a voice-based sleep diary with numeric, 
with symbolic feedback, and with no feedback as a baseline. Before 
running the experiment, we first designed a chatbot-based voice 
sleep diary capable of delivering continuous feedback. 
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In the following section, we describe the design of the voice-
based sleep diary with integrated feedback, followed by the experi-
mental setup used to evaluate its effect on response quality across 
questions. 

5.1 Design and Implementation 
5.1.1 Response-quality Feedback Design Rationales. Drawing on 
the findings from the co-design study (Section 4.2), we derived three 
evidence-based design rationales (DR1-DR3) to inform the devel-
opment of the response-quality feedback design. DR1 stresses 
timeliness: children wanted to know whether their current re-
sponse was “good now,” not after completing the diary, motivating 
a live, continuously updated scoring mechanism. DR2 highlights 
affective engagement: children described smileys fun, friendly, 
and socially expressive, suggesting that symbolic cues can help 
sustain motivation. DR3 reflects cognitive accessibility: chil-
dren preferred feedback that was easy to interpret while speaking, 
supporting the use of numeric indicators that require minimal effort 
to understand. 

In summary, these themes directly informed DR1–DR3, ensuring 
that timeliness, affective engagement, and cognitive clarity were 
grounded in children’s preferences, and ensuring that the system 
reflects children’s own interpretations and needs rather than as-
sumptions imposed by designers. 

5.1.2 Design. To operationalize DR1 (timeliness), DR2 (affec-
tive engagement), and DR3 (cognitive accessibility), we designed 
a feedback system that reflects the quality of a child’s answer as 
they speak, and presents it through two visual forms (symbolic and 
numeric). The DR1 is articulated through three components: 1) 
a real-time scoring mechanism, 2) symbolic and numeric visual 
indicators, and 3) controls ensuring safe and valid feedback. 

Computing response quality: We adopted the Response Qual-
ity Index (RQI) from prior work [24], which evaluates each answer 
along three dimensions: information units (count of distinct details), 
relevance (on-topic vs. off-topic), and clarity (clear vs. unclear). Each 
dimension is scored as a count or binary (information units = count, 
relevance = 0/1, clarity = 0/1). These are multiplied to form a single 
score [24]: 

RQI = Information units × Relevance × Clarity (1) 

This formulation ensures that diary entries must be detailed and 
interpretable: off-topic or unintelligible responses receive an RQI 
of 0, consistent with clinical data quality standards. For example, a 
detailed but irrelevant answer ("I went to bed" or an unclear response 
("I eat eat eat eat") to "What did you eat last night?") receives an RQI 
of 0 because the response cannot support diary-based monitoring. 
The index therefore penalizes responses lacking relevance or clarity 
regardless of length. This strictness is consistent with how unusable 
diary entries are treated in prior work [24]. Additionally, RQI was 
moderately correlated with response length (𝜌 = .29, 𝑝 < .001), 
confirming that it rewards elaboration without inflating scores for 
long but low-quality answers. 

Real-time scoring using LLM support: Children’s speech 
was transcribed and streamed in real time to two engines: a server-
side Python implementation with spaCy NLP library, which counts 

information units, and GPT-3.5, which classifies clarity and relevance 
(see Appendix C and D). The RQI is updated continuously and 
visualized instantly in the interface (Figure 2), enabling children to 
refine their answer while speaking. 

Safety and validity: GPT-3.5 produced only two classification 
outputs ("relevant/not relevant" and "clear/not clear"); all diary 
questions were predefined. This limited GPT-3.5 to a controlled 
classification role, preventing hallucinated dialogue or unintended 
feedback. No inappropriate or unexpected outputs occurred. To 
verify accuracy, two researchers independently coded all responses: 
agreement with GPT-3.5 was high (relevance: Cohen’s 𝜅 = .82; 
clarity: 𝜅 = .86), supporting reliable use for live feedback, while 
offline analyses relied on human-coded ground truth. 

Forms of response-quality feedback: In line with DR2 (af-
fective engagement) and DR3 (cognitive accessibility), we imple-
mented two visual forms of feedback: 1) Symbolic feedback, using a 
smiley face that changed based on score thresholds: laughing face 
(score > 3, good), smiling face (2-3, medium) and neutral face (< 2, 
poor); and 2) Numeric feedback, showing the real-time quality score 
as a number. 

To support motivation without inducing pressure or discourage-
ment, symbolic feedback used only neutral-to-positive expressions, 
avoiding sad or negative emojis, allowing the diary to guide im-
provement while maintaining a playful tone. Figure 3 shows how 
feedback updates continuously as children speak: the transcript 
appears at the bottom of the screen while the smiley or numeric 
indicator adjusts in parallel. 

Clarifying feedback modalities: While the chatbot also pro-
vided spoken acknowledgments (e.g., thanking the child or intro-
ducing the next question), these utterances were not evaluative and 
did not vary with response quality. The only performance-related 
feedback manipulated in our studies was the live visual indicator 
(numeric or symbolic) linked to the RQI score. This ensured that 
the experimental conditions differed only in evaluative feedback 
modality, while spoken interaction remained constant to support a 
natural conversational flow. 

5.1.3 Implementation. The diary was implemented on Android 
smartphones using Java and consisted of three integrated compo-
nents: a dialogue module, and speech and language processing. 

Dialogue module: The chatbot delivered 12 sleep-related ques-
tions adapted from the Consensus Sleep Diary [21], and refined 
with input from clinicians and pediatricians for age appropriateness 
(see Appendix A) [24]. Each turn followed a consistent structure: 
the chatbot asked a question, the child responded, and the chatbot 
provided a brief acknowledgment before moving to the next ques-
tion. All interaction data were stored as text on Firebase for later 
analysis (Figure 4). 

Speech and language processing: The diary uses a GPT-3.5 
powered dialogue. In each turn, the chatbot 1) responds to the 
child’s previous answer and 2) asks the next diary question. The 
system integrates: 1) Speech input via Google Cloud Speech-to-Text 
API v1 for voice recognition and transcription; 2) Speech output via 
Google Cloud Text-to-Speech API v1 for spoken responses; and 
3) language understanding and generation via GPT-3.5 to produce 
empathetic, child-friendly responses while preserving the diary’s 
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Figure 2: The mechanism of continuous response-quality feedback. 

Figure 3: The "live", continuous feedback in two forms: (A) Smiley feedback, and (B) Numeric feedback. 

structure. Previous research confirms that Google’s speech recogni-
tion achieves sufficient accuracy for children’s speech [25]. 

Speech output was rendered using an American English neural 
male voice ("en-US-Neural2-J"), optimized for playback on smart-
phone speakers. To keep the voice warm, clear, and easy for children 
to follow, we generated audio using SSML with gentle variations 

in prosody, such as a slightly slower speaking rate and mild pitch 
adjustments that prevented a flat or monotone delivery. Positive 
or emotionally salient words were spoken with moderate empha-
sis, and short interjections (such as, "oh", "wow", "hey") were ren-
dered expressively. These settings produced a friendly, engaging 
tone while ensuring that all children heard consistent content. The 
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Figure 4: The conversation between children and the chatbot, which was stored on Firebase. 

prompt templates used for generating chatbot responses are pro-
vided in Appendix B. Figure 5 illustrates the overall system archi-
tecture. 

5.2 Methods 
We compared children’s performance with the three types of feed-
back (Smiley, Numeric, and No Feedback), in a 1 × 3 within-subject 
experiment. Each participant completed all three versions of the 
diary, after which we conducted an individual interview to gather 
qualitative feedback on their experience. 

5.2.1 Participants and Ethical Considerations. We conducted a 
power analysis using G*Power 3.1 [46] to determine the required 
sample size for a repeated measures ANOVA with one within-
subject factor (Feedback Type: smiley, numeric, none) and three 
levels. We assumed a medium effect size (𝑓 = 0.25), based on Co-
hen’s conventions [29], and a desired statistical power of 0.80. The 
analysis indicated that at least 34 participants would be needed. To 
allow for potential dropout or unusual data, we recruited 36 chil-
dren aged 7-12 years (𝑀 = 9.19, 𝑆𝐷 = 1.60), including 20 girls and 
16 boys, ensuring sufficient statistical power (>.80) for detecting 
within-subject differences. 

Participants were recruited in collaboration with a local public 
library and neighboring primary schools by approaching children 
and their guardians in person. Six children had previously taken 
part in the co-design workshop; analyses did not indicate systematic 
differences between these six children and other children. None 
of them had previous experience with writing or keeping sleep 
diaries before. All children spoke English (see Table 2 for demo-
graphic characteristics and smartphone use frequency). According 
to parents, four children had no prior smartphone experience. 

Since the study involved reading, listening, and speaking on a 
smartphone, we recruited children with age-appropriate abilities 
in these areas. Because our focus was on how the continuous re-
sponse quality feedback influences self-reporting behavior, we did 
not restrict participation based on whether the child had a sleep 
disorder. 

Ethics approval was obtained from our university’s Ethics Re-
view Board. To safeguard privacy, all personal data, including de-
mographic information, audio recordings, and conversations syn-
chronized on Firebase, were deleted immediately after the study. 
Participation was voluntary, requiring both parental consent and 
children’s assent. 

Table 2: Demographic characteristics and smartphone use 
frequency 

Full sample 

Age in years 9.19 (1.60) 
Female 20 (56%) 

Smartphone use 
Daily 12 (33.33%) 
Weekly 13 (36.11%) 
Monthly 7 (19.44%) 
Never 4 (11.11%) 

N 36 

As a token of appreciation, each child received a set of LEGO™ 
bricks (retail value: €9.99). In addition, to provide meaningful re-
ciprocation beyond material rewards, a playful follow-up hands-on 
session was offered to show participants how to build their own 
chatbot. Participation in this session was voluntary. All children 
chose to participate, and consent forms were signed before partici-
pating. 

5.2.2 Procedure. The session started with an introduction to the 
purpose and structure of the activities. The children were first 
guided through trial versions with both types of feedback (smiley 
and numeric) to familiarize themselves with the self-reporting pro-
cess. This step allowed participants to practice answering questions, 
explore the interface, and gain confidence prior to the main task. 

In the main task, each participant completed the sleep diary un-
der all three feedback conditions (Feedback Type: smiley, numeric, 
none) in a fully counterbalanced order. We used the six possible 
sequences of the three conditions (3!=6), ensuring that each type of 
feedback appeared equally often in the first, second, and third posi-
tions among participants. In addition, a five-minute break involving 
light-play activities (e.g., tablet video games) between conditions 
was implemented to mitigate fatigue and recency effects. 

After completing all three conditions, we conducted a short 
semi-structured interview to gather exploratory insights about 
participants’ experiences. These qualitative data were gathered 
to contextualize the quantitative results and inform later design 
decisions. 
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Figure 5: System structure for the voice-based sleep diary. The system includes three APIs to process the conversational flow. 
Solid arrows represent output flow; dashed arrows represent input flow. 

Each session lasted approximately 40 minutes. Figure 6 shows 
a child interacting with the sleep diary in the smiley feedback 
condition. 

Figure 6: A child was interacting with the version of the sleep 
diary with the smiley response-quality feedback. 

5.2.3 Data Collection. All diary interactions were automatically 
saved as text files on Firebase, labeled by participant ID and feedback 
condition (e.g., ’C1_smiley.txt’ for Participant 1 using the smiley 
feedback version). Each file contained the full transcript of the 
conversation. 

To evaluate children’s responses, we applied the same RQI frame-
work used in the system: Information units (spaCy-extracted counts), 
and Relevance and Clarity (binary judgments). For analysis, rele-
vance and clarity were manually coded by two independent re-
searchers (Cohen’s 𝜅 =0.89; 95% CI[0.76, 0.95]) and multiplied with 
information units to generate ground-truth RQI scores [24]. These 
offline human-coded scores, rather than system-generated scores, 
were used for all statistical analysis. 

The real-time RQI shown to children was computed by the LLM, 
while the RQI used for analysis was human-coded to avoid propa-
gating potential model errors. Post-hoc comparison showed strong 
correspondence between the two (𝑆𝑝𝑒𝑎𝑟𝑚𝑎𝑛 ′ 𝑠 𝜌 = .78, 𝑝 < .001), 

indicating that the feedback children saw closely reflected human 
judgments while ensuring that reported effects were based on vali-
dated scores. 

5.3 Results 
The system functioned smoothly for all participants. Data from all 
36 children were included in the analysis. Each participant com-
pleted all three feedback conditions (smiley, numeric, none), result-
ing in a complete dataset of self-reports for all conditions. 

5.3.1 Overall Response Quality. Descriptive statistics are shown in 
Table 3. The mean response quality scores (RQI) were highest in 
the numeric feedback condition (𝑀 = 3.98, 𝑆𝐷 = 0.86, 95%𝐶𝐼 = 
[3.69, 4.27]), followed by the smiley feedback condition (𝑀 = 
3.75, 𝑆𝐷 = 0.95, 95%𝐶𝐼 = [3.43, 4.08]), and lowest in the no-
feedback condition (𝑀 = 2.81, 𝑆𝐷 = 0.73, 95%𝐶𝐼 = [2.57, 3.06]). 
A one-way repeated-measures ANOVA showed a significant effect 
of Feedback Type on RQI, 𝐹 (2, 105) = 18.95, 𝑝 < 0.001, 𝜂 2 = 0.27. 
Tukey’s HSD post hoc tests showed that both the smiley (𝑝 < 0.001) 
and numeric feedback (𝑝 < 0.001) yielded higher RQI than no feed-
back. There was no significant difference between the smiley and 
numeric feedback conditions (𝑝 = 0.51). 

5.3.2 Influence on Response Quality across Questions. To examine 
how feedback influenced quality during a session, we built a linear 
mixed-effects model (LMM) in R using the lme4 package [10]. LMMs 
are used to analyze clustered data, such as repeated observations 
from the same participants over time [49]. Given our design, with 
multiple observations per participant, this model was well suited 
to account for both random and fixed effects. In this model, we 
included Question and Feedback type as fixed effects, and Participant 
as the random effect. The linearity, normality, and homoscedasticity 
assumptions were assessed through residual diagnostics and found 
to be sufficiently met. 

Table 4 shows the model results to examine whether continuous 
feedback influences changes in children’s response quality over 
the questions answered. Using the no-feedback condition as the 
baseline, the results did not show a significant change in mean 
response quality (RQI) between the questions in the no-feedback 
condition (𝑏 = −0.01, 𝑝 = 0.49). However, significant interaction 
effects indicated that both smiley (𝑏 = 0.18, 𝑝 < 0.001) and numeric 
feedback (𝑏 = 0.16, 𝑝 < 0.001) led to significant improvements in 
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Table 3: Mean response quality (RQI) and children’s preference 

Measure Smiley Feedback Numeric Feedback None Feedback 

RQI (Mean ± SD) 3.75 (0.95) 3.98 (0.86) 2.81 (0.73) 
ci_lower 3.43 3.69 2.57 
ci_upper 4.08 4.27 3.06 
Preference Rate 47.22% 52.78% 0 

the mean response quality over time, compared to the no-feedback 
condition. These findings suggest that continuous response qual-
ity feedback supports a positive trajectory in children’s response 
quality across questions during self-reporting. 

Table 4: Effects of feedback factors on predicting re-
sponse quality. The model formula is 𝑅𝑄𝐼 ∼ 𝑄𝑢𝑒𝑠𝑡𝑖𝑜𝑛 ∗ 
𝐹 𝑒𝑒𝑑𝑏𝑎𝑐𝑘 + (1|𝑃𝑎𝑟 𝑡 𝑖𝑐𝑖 𝑝𝑎𝑛𝑡 𝐼 𝐷 ), where 𝑅𝑄 𝐼 = response quality in-
dex, 𝐹 𝑒𝑒𝑑𝑏𝑎𝑐𝑘 = Feedback forms (smiley, numeric, and none), 
𝑄𝑢𝑒𝑠𝑡 𝑖𝑜𝑛 =12 questions in the sleep diary, 𝑃 𝑎𝑟 𝑡 𝑖𝑐 𝑖 𝑝𝑎𝑛𝑡 𝐼 𝐷 = par-
ticipant ID. ***p < 0.001, *p < 0.05. 

Predictor Estimate Std. Error df t p 

(Intercept) 2.88 0.16 123.61 18.01 < .001∗∗∗ 

Question –0.01 0.02 1255.00 –0.69 .49 
Feedback (Smiley) –0.19 0.16 1255.00 –1.19 .24 
Feedback (Numeric) 0.10 0.16 1255.00 0.62 .53 
Question × Smiley 0.18 0.02 1255.00 7.94 < .001∗∗∗ 

Question × Numeric 0.16 0.02 1255.00 7.44 < .001∗∗∗ 

Figure 7 shows the interaction between question number and 
feedback form on response quality. Both smiley and numeric 
feedback produced a clear upward trajectory in response qual-
ity, whereas the no-feedback condition remained flat. This pattern 
aligns with the significant interaction effect in the model, indicat-
ing that continuous feedback supports improving response quality 
across questions during a session. The slight drop at Q7 reflects a 
structural shift rather than reduced engagement or question diffi-
culty. The diary alternates between descriptive and non-descriptive 
items [24]. Q4-Q6 invite elaborated answers (e.g., "What did you 
do before bed?"), which naturally yield multiple information units. 
Q7 ("How many times did you wake up during the night?") abruptly 
switches to a categorical, non-descriptive response format. Children 
must shift from storytelling to providing a single numeric value, 
which inherently reduces information units and thus RQI. Because 
the question order followed the standard clinical sequence of sleep 
diaries, it was fixed rather than randomized. 

5.3.3 Children’s Feedback Preference. Although RQ2 focused on 
performance metrics, we also collected brief post-session feedback 
to contextualize the results. Preference data (Table 3) showed that 17 
children (47.22%) favored smiley feedback and 19 (52.78%) favored 
the numeric feedback; no one preferred the no-feedback condition. 

Similarly, we applied a deductive thematic analysis to the brief 
post-session statements. Two independent coders coded all the data 
using a codebook and refined the coders for this context. Disagree-
ments were discussed until consensus was reached, with the first 

Figure 7: Tendency in response quality across questions in 
one session. 

author overseeing the process to ensure consistency with the re-
search objectives. Given that children’s comments were generally 
short and direct, the dataset was relatively small and straightfor-
ward to code. Inter-rater reliability was high (𝐶𝑜ℎ𝑒𝑛 ′ 𝑠𝜅 = 0.91 [80]. 
From this analysis, two themes emerged, which we present below: 

Symbolic feedback is fun but harder to interpret: Children 
who liked the smiley feedback emphasized its playfulness, e.g, "I 
like smile because it is fun. I always tried to get more smiles in the di-
ary." (C12), but some preferred numbers because they found smiley 
meanings less clear: "I choose number. Because I have to interpret the 
meaning of smile in the chatbot." (C21). 

Numeric feedback is easy and motivating. Many children 
found numbers quicker to understand, e.g., "Number is easy. I can 
understand it quickly." (C26), and some linked higher scores to feel-
ings of achievement: "I like the number. The higher number can make 
me happy." (C35). 

These insights help explain why both types of feedback per-
formed similarly in terms of RQI, yet preferences varied. 

5.4 Discussion 
To address RQ2, our findings show that both smiley (symbolic) 
and numeric feedback improved children’s response quality across 
questions within a single session compared to the no-feedback 
condition. This effect was evident not only in the overall response 
quality scores, but also in the upward trend across the 12 questions. 
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In contrast, children in the no-feedback condition did not show 
such an upward trend. 

These findings suggest that continuous feedback not only boosts 
immediate performance, but also encourages a sustained process of 
improvement within a reporting session. This aligns with previous 
work showing that continuous feedback can facilitate both engage-
ment and self-regulation during interactive tasks [58, 66, 75, 123]. 
In our context, smiley feedback appeared to engage children emo-
tionally and playfully, while numeric feedback provided clear per-
formance benchmarks and supported goal orientation. We did not 
examine age-related differences in our sample, but developmental 
research suggests that: younger children may be more motivated 
by socially expressive cues, while older children increasingly value 
structure, and self-monitoring [39, 51, 84]. Investigating how feed-
back preferences and performance vary across age groups therefore 
represents an important direction for future work. 

Children’s subjective comments reinforce these dual roles. Those 
who preferred smiley feedback described it as "fun" and motivating, 
often aiming to "collect more smiles", while those who favored nu-
meric feedback valued its immediacy and precision. We interpreted 
these behaviors as game-like engagement rather than pressured 
performance. When children extended their answers, they did so by 
adding additional relevant details (e.g., explaining evening routines), 
not by inventing or exaggerating information. Their responses re-
mained consistent with the diary questions, and no participants 
expressed anxiety about achieving higher scores. The feedback was 
intentionally framed as supportive rather than evaluative. with 
neutral-to-positive cues and no penalties for low scores. Even so, 
this design choice introduces an important consideration: future 
systems should balance motivation with honesty, for example by 
capping scoring gains or incorporating reminders that truthful 
reporting matters more than "winning". 

Interestingly, these preferences contrast with those of the co-
design study (Section 4.2), where most children favored the smiley 
feedback. In Study 2, numeric feedback was slightly more popu-
lar. Although this difference should be interpreted cautiously due 
to sample size differences (14 vs. 36), one possible explanation is 
that the self-reporting task in Study 2 imposed higher cognitive 
demands than the role-play activity in Study 1. Under greater cog-
nitive load, children may prefer feedback that is more direct and 
quicker to interpret (numeric) over feedback that was more playful 
but required additional interpretation (smiley). 

This shift has important design implications. It suggests that chil-
dren’s preferences are context-dependent and may vary with task 
complexity and cognitive load. These insights informed our design 
for Study 3, where we developed a combined feedback system that 
integrates symbolic and numeric cues, providing both engagement 
and clarity during extended, real-world use. 

6 Field Study: Evaluating Sustained Quality 
Over Time 

Building on the insight that affective engagement and cognitive 
clarity become more or less important depending on the report-
ing context, Study 3 explores a combined feedback approach that 
dynamically integrates both symbolic and numeric cues, with the 

goal of maintaining response quality over repeated diary use in a 
real-world setting. 

We conducted an 8-day field study in which children used a 
voice-based sleep diary at home under two conditions: 1) with con-
tinuous response quality feedback (combined: smiley + numeric), 
and 2) without feedback (baseline). This setup allowed us to exam-
ine the second challenge, response quality over days, and to explore 
children’s perceptions after extended use. 

6.1 Design and Implementation 
6.1.1 Iteration 2: Combined Sleep Diary with Continuous Feedback. 
Drawing on insights from Study 2, we iterated the sleep diary by 
combining smiley and numeric feedback within a single interface. 
The goal was to combine the emotional engagement of symbolic 
cues with the clarity and precision of numeric scores. 

The updated diary retained the same deployment platform (An-
droid deployment), backend infrastructure (Firebase), and core APIs 
(Google Cloud Speech-to-Text v1, Google Cloud Text-to-Speech 
v1, GPT-3.5) as in Study 2. The feedback mechanism remained 
identical in its calculation of response quality (information units, 
relevance, clarity), but now both feedback forms were presented 
simultaneously: a smiley icon indicating performance category 
(good, medium, poor) with the numeric score displayed directly 
beneath it as an explanation. Figure 8 (A) shows the combined 
feedback interface. For the no-feedback condition (baseline), the 
interface presented the same conversational interaction without 
any performance indicator (Figure 8 (B)). 

Figure 8: The sleep diary with the continuous response-
quality feedback (A), and without feedback (B). 

6.1.2 System Deployment for Home Use. Because each participant 
experienced both conditions in different time blocks, both feedback 
and no-feedback versions were integrated into a single app build. 
The system automatically tracked the number of diary entries com-
pleted in the current condition. After four completed entries, the 
interface switched to the other condition for the next use. This 
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ensured that the transition between conditions was seamless for 
the participants and reduced the need for manual intervention. 

To support adherence, the app sent an automated reminder via 
Firebase Cloud Messaging at 9:00 PM each evening, prompting 
children to complete their daily diary. All data were stored on 
Firebase until the end of the study, after which they were deleted 
to protect privacy. 

To prevent multiple entries on the same day, which could in-
troduce invalid or duplicated data, the system included a built-in 
lock-out feature. Once a child completed the day’s diary session, 
the login button was disabled until the following day. This ensured 
that each day’s entry reflected a single, consistent self-reporting 
session. 

6.2 Methods 
6.2.1 Participants and Experimental Design. We recruited 24 chil-
dren (aged 8-12, 𝑀 = 9.58, 𝑆 𝐷 = 1.41; 14 girls, 10 boys) from a local 
public library and through neighboring primary schools. Partici-
pants in the field study did not participate in Studies 1 or 2. They 
did not have previous experience writing or keeping sleep diaries. 
All participants spoke English and, according to their parents, had 
prior experience with smartphones. We ensured that all partici-
pants had typical abilities in reading, listening, and speaking. As 
in Study 2, the inclusion criteria did not require children to have 
sleep disorders. 

We adopted a within-subjects crossover design with two condi-
tions: feedback vs. no-feedback. Each child used the sleep diary for 
8 consecutive days: four days under one condition, immediately fol-
lowed by four days under the other. The order was counterbalanced 
(AB/BA) between participants to control for order effects. Figure 
9 displays the experiment setting for children’s self-reporting at 
home. 

Figure 9: Experiment conditions. 

This within-subjects crossover design ensured validity and fea-
sibility for a child population. Each child served as their own con-
trol, reducing individual differences (e.g., vocabulary, technology 
familiarity, and engagement). Four days per condition captured 
short-term trends like adaptation or fatigue while keeping the study 
manageable for families. Counterbalancing order further minimized 
novelty and practice effects, so differences reflected the impact of 
feedback rather than reporting familiarity. 

Our primary outcomes focused on whether feedback influenced 
children’s multi-day reporting, assessed as: 1) both the mean re-
sponse quality across four-day block, and 2) the day-to-day trend 
within each block. 

6.2.2 Sample Size and Power Analysis. To ensure adequate power 
to detect an interaction between the condition and the day, we 
performed a simulation-based power analysis (R: lme4/simr) using 
the same linear mixed model planned for the analysis [69], with 
random intercepts and slopes for day-by-child. The variance param-
eters were informed by Study 2, with additional variance inflation 
to account for fluctuations between days. Assuming an expected 
slope difference of 0.5 points/day (Feedback vs. No-Feedback), the 
planned sample of N=24 children (AB/BA, four days per condition) 
yielded 98.4% power (95% CI: 97.4-99.1%) at 𝛼 = .05 for detecting 
the Condition × Day interaction in 1000 simulations. 

The study was approved by the Ethics Review Board of our uni-
versity. All conversations were stored in Firebase and deleted imme-
diately after the study. Participation was voluntary with parental 
consent and child assent required. As appreciation, each child re-
ceived a LEGO™ set (retail value: €19.99), and a set of anime stickers 
(retail value: €5.00). 

6.2.3 Procedure. The experiment was carried out over eight con-
secutive days and divided into three phases: 

Phase I: Pre-training (with researcher). The first phase was con-
ducted at our university (18 participants) or in a local public library 
(6 participants). After obtaining parental consent, we introduced 
the study procedures and provided each child with a smartphone 
with the pre-installed sleep diary app. 

The children were trained to use both diary versions, feedback 
and no-feedback, and practiced until they could complete a full 
session independently. This familiarization ensured that they un-
derstood both the task and the interface before starting the home 
phase. Participants also received a printed quick-start guide with 
troubleshooting tips (e.g., login errors, app restarts). For any prob-
lems they could not be able to resolve themselves, we offered follow-
up support via home visits or video calls. 

Phase II: Home reporting (8 nights). Participants completed one 
self-reporting session of the diary per night for eight consecutive 
days. The app automatically managed the condition order: 1) four 
days in the first condition (feedback or no-feedback), 2) followed by 
four days in the other condition. The order was counterbalanced 
between participants (AB/BA) to control for sequence effects. 

At 9 PM each night, the app sent a reminder notification via 
Firebase Cloud Messaging. If a session was missed, participants 
could complete it later; the app logged the actual date and time of 
each entry. Figure 10 shows a child using the diary at home. 

Phase III: Post-assessment (with the researcher). After completing 
all eight sessions, the participants returned for a brief final meeting. 
We conducted a semi-structured interview to capture their expe-
riences with both diary conditions, perceptions of feedback, and 
any factors influencing their reporting habits (e.g., preferred time, 
motivation). All smartphones were collected. 

6.2.4 Data Collection. To observe the effect of feedback on chil-
dren’s sustained response quality, we collected three types of data: 



CHI ’26, April 13–17, 2026, Barcelona, Spain Shanshan et al. 

Figure 10: A child was interacting with the sleep diary in no 
feedback condition at home. 

reporting condition, response quality scores, and participants’ sub-
jective attitudes toward the two diary conditions. 

Reporting condition: Each entry was tagged according to the 
condition under which it was completed, based on the conversation 
logs stored in Firebase. The entries in the no-feedback condition 
were coded as "0", while the entries in the feedback condition were 
coded as "1". 

Response quality: Children’s daily responses were evaluated using 
the same method as in Study 2. Specifically, we assessed three dimen-
sions: relevance and clarity, which were coded by two independent 
raters, and information units, which were automatically extracted 
using the Python package spaCy. The interrater reliability for the 
manual coding was high (Cohen’s 𝜅 = 0.87; 95%𝐶 𝐼 : 0.73 − 0.94), 
indicating strong agreement between coders. The continuous RQI 
was then calculated for each day by averaging the scores across 
the 12 diary questions. This provided a composite measure of each 
child’s communicative effectiveness and informational richness 
over time. 

Attitudes: Finally, to explore children’s subjective experiences, we 
conducted thematic analysis of the post-study interview transcripts. 
The coding focused on their perceptions of the two conditions, their 
interactions with the chatbot, and their expectations for voice-based 
diary tools in the future. 

6.3 Results 
The app worked smoothly for almost all participants during the 
8-day deployment. One child missed several days due to school 
commitments, but later resumed and completed the study, so their 
data were included in the analysis. 

To answer RQ3 (response quality over days), we first present 
descriptive statistics of children’s reporting behavior across con-
ditions, followed by linear mixed-effects models to examine the 
changes in response quality over time. To answer RQ4 (children’s 
perceptions of feedback), we report findings from the thematic 
analysis of post-study interviews. 

6.3.1 Overall Response Quality. Table 5 summarizes the data on 
children’s response quality (RQI) across the two experimental 
sequences. In the AB sequence (feedback first), mean RQI was 
higher during the initial four-day feedback block (𝑀 = 2.65, 𝑆 𝐷 = 
0.25, 95%𝐶 𝐼 = [2.49, 2.81]) than during the subsequent no-feedback 
block (𝑀 = 2.00, 𝑆 𝐷 = 0.20, 95%𝐶 𝐼 = [1.88, 2.13]). In the BA se-
quence (no feedback first), the children began with a lower mean 
RQI (𝑀 = 1.66, 𝑆 𝐷 = 0.17, 95%𝐶 𝐼 = [1.55, 1.77]) but showed 
higher quality once feedback was introduced in the second block 
(𝑀 = 2.98, 𝑆 𝐷 = 0.44, 95%𝐶 𝐼 = [2.70, 3.26]). Across both sequences, 
periods with feedback consistently yielded higher mean response 
quality than periods without feedback, suggesting a robust over-
all benefit of feedback in supporting response quality during self-
reporting. All values were computed at the child level (i.e., averaging 
each child’s responses within a four-day block) to avoid inflation 
from repeated daily entries. 

6.3.2 Influence on Response Quality Over Days. To test whether 
feedback affected the quality of response of children over time, 
we fitted a linear mixed effects model (LMM). Participants were 
included as random effects to account for individual differences, and 
day was modeled to capture repeated measures over the eight-day 
period. Fixed effects included condition (Feedback, vs. no-feedback), 
sequence (AB vs. BA), period (first vs. second block of four days), 
and their interactions. The dependent variable was the response 
quality (RQI) of each diary entry. 

The model diagnostics indicated that the assumptions of nor-
mality and homoscedasticity were met, with the residuals showing 
no major deviations and no influential outliers. A likelihood ra-
tio test confirmed that including the Condition × Day interaction 
significantly improved model fit (𝜒 2 = 78.41, 𝑝 < .001). 

The results of the model (Table 6) revealed a strong interaction be-
tween condition × Day (𝑏 = 0.36, 𝑆 𝐸 = 0.04, 𝑆 𝐸 = 0.03, 𝑡 (141.37) = 
10.11, 𝑝 < .001), including that the effect of feedback depended 
on the reporting day. Specifically, in the feedback condition, RQI 
increased by 0.21 points per day, while in the no feedback condi-
tion, RQI showed no comparable improvement. Other effects were 
also significant. The children in the BA sequence (starting with-
out feedback condition) began with a lower RQI than those in the 
AB sequence (𝑏 = −0.75, 𝑆 𝐸 = 0.11, 𝑡 (64.45) = −6.77, 𝑝 < .001). 
RQI was also higher in the second block compared to the first 
(𝑏 = −0.65, 𝑆 𝐸 = 0.17, 𝑡 (155.60) = −3.85, 𝑝 < .001). 

Figure 11 illustrates these trajectories. In the AB sequence, the 
quality of the children’s response increased steadily during the first 
four days with feedback, but declined once feedback was removed. 
In the BA sequence, response quality remained low and flat during 
the initial no-feedback block but rose consistently once feedback 
was introduced, peaking on day 8. 

Together, these findings demonstrate that feedback not only 
increases average response quality but also supports sustained 
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Table 5: Descriptive statistics of Response Quality Index (RQI) by the sequence of feedback and none feedback in the sleep 
diary. 

Sequence Period Condition Mean RQI SD ci_lower ci_upper 
AB First Feedback 2.65 0.25 2.49 2.81 
AB Second No Feedback 2.00 0.20 1.88 2.13 
BA First No Feedback 1.66 0.17 1.55 1.77 
BA Second Feedback 2.98 0.44 2.70 3.26 

Table 6: Effects of model factors on multi-day response qual-
ity. The model formula is 𝑅𝑄 𝐼 ∼ 𝐶𝑜𝑛𝑑𝑖𝑡 𝑖𝑜 𝑛 ∗ 𝐷𝑎𝑦 + 𝑃 𝑒𝑟 𝑖𝑜𝑑 + 
𝑆𝑒𝑞𝑢𝑒𝑛𝑐𝑒 + (1+𝐷𝑎𝑦 |𝑃 𝑎𝑟 𝑡 𝑖𝑐𝑖 𝑝𝑎𝑛𝑡 𝐼 𝐷 ), where 𝑅𝑄 𝐼 = response qual-
ity, 𝐶𝑜 𝑛𝑑 𝑖𝑡 𝑖𝑜 𝑛 = feedback vs. no feedback, 𝐷𝑎𝑦 =repeated days, 
𝑃 𝑒𝑟 𝑖𝑜𝑑 =First or Second, 𝑆𝑒𝑞𝑢𝑒𝑛𝑐 𝑒 =AB vs. AB,𝑃 𝑎𝑟 𝑡 𝑖𝑐𝑖 𝑝 𝑎𝑛𝑡 𝐼 𝐷 = 
participant ID, 𝐶𝑜𝑛𝑑𝑖𝑡 𝑖𝑜 𝑛 ∗ 𝐷𝑎𝑦 = the daily trajectory differ 
between feedback vs. no-feedback. ***p < 0.001, *p < 0.05. 

Variables Estimate SE df t p 
(Intercept) 2.77 0.15 178.82 18.96 2𝑒 − 16 *** 
Condition -0.65 0.17 155.60 -3.85 0.000171 *** 
Day -0.15 0.03 135.98 -5.24 6.02 − 07 *** 
Period 0.21 0.08 141.37 2.54 0.01 * 
Sequence -0.75 0.11 64.45 -6.77 4.50𝑒 − 09 *** 
Condition:Day 0.36 0.04 141.37 10.11 2𝑒 − 16 *** 

Figure 11: The patterns of children’s response quality over 
days in difference conditions (feedback vs. no-feedback). 

improvement over multiple days of reporting. Without feedback, 
children’s responses either stagnated or declined. 

6.3.3 Children’s Perspective of Feedback. To explore how feedback 
influenced children’s experience during multi-day reporting, we 
conducted a thematic analysis of the semi-structured interviews 
[65]. The same analytic approach used in Studies 1 and 2 was ap-
plied here: two coders iteratively refined a shared codebook and 
independently coded all data, achieving high agreement (Cohen’s 

𝜅 =0.87) [29]. The process yielded three themes regarding the role 
of feedback in the sleep diary. 

Feedback as guidance for answering. Many children viewed 
feedback as an essential aid during self-reporting. Eight children 
emphasized that feedback helped them know if their answers were 
"good enough" and motivated them to provide more complete re-
sponses. As C11 explained, "I need the feedback in the App. I hope my 
answer can be a higher score and smile each time." Several children 
likened the experience to familiar learning platforms. For exam-
ple, C8 noted: "It looks like the Duolinguo I use every day." These 
comments suggest that feedback was not only perceived as evalua-
tive, but also a form of guidance or scaffolding that aligned with 
practices they already associated with learning. 

Feedback makes self-reporting more engaging. Real-time 
visual cues, especially smileys and changing scores, were described 
as fun and motivating. Six children said they enjoyed trying to 
"collect" smileys during conversation, even after they had techni-
cally answered the question. As C3 shared, "Sometimes I want to 
get a smiley by keep talking with it even after I have finished answer-
ing." Beyond single sessions, four children described how feedback 
motivated them to return daily, often comparing scores over days 
or even with siblings. C22, for example, reflected, "I’m happy if I 
can get more smiley than my brother. If I got less, I hope I can an-
swer again. But the system is locked after I finish the game today." 
These accounts highlight the playful, game-like role of feedback in 
sustaining engagement over multiple days. 

Desire for mixed and cumulative feedback. Although con-
tinuous feedback was valued to make the diary more interactive, 
several children expressed a desire for additional types of feedback 
that captured progress over days. Five children suggested that in 
addition to immediate cues, the system could also display a daily 
or cumulative summary. For example, C22 remarked, "Real time is 
fun when I am answering the question, but I hope I can see a general 
change in my answers in all entries." This indicates that the children 
sought both immediate reinforcement and a broader perspective 
on their performance over time, pointing to the potential value of 
adaptive or layered feedback mechanisms. 

6.4 Discussion 
6.4.1 Towards sustained and improved response quality over time. 
To address RQ3, we examined whether continuous feedback could 
sustain or improve response quality over multiple days of reporting. 
Across both sequences, periods with feedback consistently yielded 
higher response quality than periods without feedback, and feed-
back appeared to shape the tendency of children’s response quality 
over days. In the AB sequence, the quality increased during the 
feedback period, but declined after the feedback was removed. In 
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the BA sequence, each period comprised only four days of reporting, 
so the observed trend should be interpreted as preliminary rather 
than conclusive. Future work should test whether these benefits 
persist for weeks or months, which is a requirement for some diary 
studies or practical applications. 

Previous diary studies with children often acknowledge that 
response quality declines over time, even when interventions or 
structured prompts are used [24]. Very few have demonstrated 
that quality can be maintained in repeated entries. In this study, 
feedback was associated with sustained or improved quality over 
a four-day reporting period, suggesting its potential to counteract 
the generally observed decline. However, because each condition 
lasted only four days, it is unclear whether this effect would persist 
over longer periods. 

6.4.2 Towards motivating and engaging self-reporting. To address 
RQ4, we explored children’s subjective experiences and motiva-
tional responses to feedback during multiday home use. Simi-
larly to gamified learning and pediatric mHealth interventions 
[26, 28, 33, 119], children described feedback as helping them know 
whether their responses were "good" and making the process more 
engaging. Competitive or game-like elements (e.g., smileys, scores) 
appeared to encourage repeated participation [55]. Consistent with 
children’s self-reported experiences, the conversation logs also pro-
vided behavioral evidence of this effect. In the no-feedback condi-
tion, children often gave minimal answers (e.g., "9 PM" when asked 
about bedtime). In contrast, in the feedback condition, responses 
were more elaborated (e.g., "9 PM, because I played computer games 
with my brother before that"), suggesting that feedback encouraged 
children to add contextual details to achieve higher scores and smi-
leys. This highlights how feedback not only enhanced their motiva-
tion, but also supported richer higher-quality reporting. However, 
it remains unclear whether this motivation would persist beyond a 
brief novelty period. 

Some children expressed interest in daily summaries or general 
performance indicators, echoing prior research showing that a 
combination of real-time and cumulative feedback can support 
long-term engagement [8, 36, 64, 98, 121]. Integrating these features 
may help feedback systems remain effective in contexts that require 
sustained self-reporting. 

A concern with any feedback-driven system is whether children 
may feel compelled to exaggerate or extend their responses to ob-
tain positive feedback. In our field study, a few children expressed 
that earning more smileys or higher scores felt “like a game.” We 
interpreted this as playful motivation rather than pressure, as re-
sponses remained on-topic and we did not observe fabricated or 
contradictory information. 

Together, these findings show that combined, "live" and con-
tinuous feedback can sustain both quality and motivation during 
children’s self-reporting, though refinements such as cumulative 
feedback may be needed for long-term use. In the following general 
discussion, we reflect on how these insights advance the design of 
child-centered voice-based diaries across contexts. 

7 Design Implications 
Drawing on the three studies, we propose broader design implica-
tions for child-centered self-report systems. These insights extend 

beyond the sleep diary and can inform the design of technologies 
for children in health, education, and everyday life. Taken together, 
the studies reveal that effective systems must balance engagement 
with clarity, adapt feedback to the reporting context, and combine 
real-time and cumulative strategies to maintain motivation and 
quality over time. 

7.1 Balancing Affective Engagement with 
Cognitive Clarity 

Our findings highlight the need to balance emotional engagement 
and interpretive clarity. Playful elements such as gamified icons, 
stories, or characters can boost children’s enjoyment and motiva-
tion [35, 73, 124, 125] but they also introduce additional interpretive 
demands. This added cognitive effort can become a burden when 
the reporting task itself already requires sustained attention. In 
contrast, straightforward and easy-to-interpret feedback, such as 
numeric scores, reduces ambiguity and allows children to focus on 
the core task. Designers should therefore resist the assumption that 
"more fun" always leads to better engagement. Instead, the goal 
should be to integrate affective engagement without sacrificing 
clarity so that children are motivated and able to interpret their 
own performance. 

7.2 Adapting Feedback to Context and Task 
Demands 

Children’s preferences and the effectiveness of feedback are not 
fixed, but shift depending on the context. In playful or role-play 
settings, children may prefer symbolic or narrative feedback be-
cause they have the time and cognitive space to interpret it. In 
contrast, during cognitively demanding or routine tasks, such as 
daily journals at home, they benefit more from direct, unambigu-
ous cues that minimize extra effort. This suggests that feedback 
design should be sensitive to context: playful elements can sustain 
engagement in light-tough tasks, whereas clarity and directness 
are more critical when reporting is embedded in daily routines or is 
of clinical significance. Ideally, future systems should be combined, 
dynamically adjusting the style of feedback to the child’s context 
and workload. 

7.3 Supporting Sustained Engagement through 
Multilayered and Multimodal Feedback 

Sustaining children’s motivation and response quality over time re-
quires more than "live", continuous cues alone. This feedback helps 
children tune individual responses in the moment, but participants 
in our field study also expressed interest in broader indicators, such 
as daily summaries or progress trends. This suggests that systems 
may benefit from combining immediate guidance with cumulative, 
longer-term feedback. This multilayered structure is particularly 
relevant for chronic health contexts, where both adherence and 
sustained quality are essential. 

Our findings also point to opportunities for integrating multi-
ple modalities of feedback delivery. During the diary interactions, 
children received spoken responses from the chatbot while simul-
taneously viewing visual feedback on the interface. Prior work 
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shows that combining auditory and visual cues can improve com-
prehension, reduce cognitive load, and support sustained atten-
tion, particularly for younger users with developing working mem-
ory [4, 12, 53, 79, 113]. Visual indicators provide stable, easy-to-
reference information about performance, while verbal acknowl-
edgments support social engagement and emotional reassurance. 
When paired, these modalities can help children interpret feedback 
more effectively and maintain focus as they refine their responses 
in real time. 

Overall, our results suggest that children may benefit most from 
feedback systems that are both multilayered (immediate + cumu-
lative) and multimodal (visual + verbal). Future research should 
examine how different combinations of modalities and temporal 
layers shape children’s understanding of feedback, sustained en-
gagement, and the long-term quality of diary data. 

8 Limitations and Future Work 
We acknowledge limitations in this study. First, although the ob-
served patterns are suggestive, a larger and more diverse sample 
could provide a more robust understanding of how age influences 
feedback preferences. Future research could benefit from a more de-
tailed age categorizations and a longer field study period to capture 
how response quality evolves over time. Second, our comparison of 
combined feedback against a no-feedback baseline does not estab-
lish whether combined feedback outperforms symbolic or numeric 
feedback; future studies should examine these contrasts directly. 
Third, because our participants were healthy children without di-
agnosed sleep disorders, the applicability of the findings to clinical 
populations remains uncertain. Children with sleep disorders may 
show different preferences, challenges, or response patterns when 
using sleep diaries. 

Finally, our study was conducted in a western European, pri-
marily urban context, with a research team bringing positionali-
ties from Industrial Design and Clinical Psychology, and cultural 
backgrounds spanning Asia and Europe. We provide detailed de-
scriptions of the setting and procedures to support transferability 
of our findings, while acknowledging that different contexts and 
researcher identities may yield different insights. We encourage 
future work and researchers in diverse settings to build on and 
extend our findings. 

9 Conclusion 
This paper examined how feedback can enhance children’s response 
quality in voice-based diaries through three complementary studies. 
A co-design study highlighted children’s initial preferences for 
playful and symbolic feedback, underscoring the importance of 
affective engagement in child-centered diaries. A controlled user 
test showed that both symbolic and numeric feedback improve 
per-question response quality within a single session, while also 
revealing that children’s preferences shifted towards more direct 
and cognitively efficient forms of feedback for more demanding 
tasks. Finally, an eight-day field test (Study 3) demonstrated that 
"live", continuous feedback helped sustain or even improve response 
quality in repeated diary use, and that children desired not only 
immediate cues but also cumulative forms of feedback to support 
longer-term motivation. 

Our findings show that effective feedback design for children’s 
self-reporting must balance emotional engagement with cognitive 
clarity, and adapt dynamically to both the immediate task and the 
longer-term reporting contexts. Beyond improving data quality, 
feedback can also motivate children to elaborate on their answers 
and remain committed to the reporting process over time. Our 
findings have useful applications in the child-centered design of 
voice-based diaries, which are particularly relevant in the study of 
child-computer interaction; moreover, our findings have various 
practical applications, such as in healthcare contexts where valid 
and reliable data are essential. 
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A The Questions in the Sleep Diary 
• How are you feeling today? 
• How long were you awake before you fell asleep last night? 
• Did you have a good sleep last night? 
• What did you do before you went to bed last night? 
• What did you eat before you went to bed last night? 
• What did you drink before you went to bed last night? 
• How many times did you wake up during the night? 
• What time did you go to sleep last night? 
• How long did you take a nap or rest today? 
• How long did you sleep last night? 
• What time did you wake up this morning? 
• How did you wake up this morning? 

B Summarized the Prompts for Each Response 
• <Intro Task> 
- You are a friendly and engaging assistant conducting a 

sleep survey for children aged six to thirteen. ↩→ 

- Use a conversational style for most interactions **only** 
for reinforcement, summaries, or emotional support. ↩→ 

- Ensure rhyming responses are concise, simple, and limited 
to two or three short sentences. ↩→ 

- Use language appropriate for a 6 to 12-year-old child, 
avoiding complex words and phrases. ↩→ 

**Important Instructions:** 
- **Do not ask any questions.** The app will handle asking 

the predefined questions. ↩→ 

- Focus on providing acknowledgments and emotional support. 
- Do **not** include the child's response in your 

acknowledgment. ↩→ 

- Do **not** answer for the child. 
- Only write the assistant's part of the conversation. 
- **Keep all responses short, simple, and easy to 

understand.** ↩→ 
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**Example Interactions:** 
*Assistant:* Hi there! Let's chat about your sleep and 

playtime! ↩→ 

*Child:* I felt really good today. 
*Assistant:* That's great to hear! 
*Child:* I had a bad dream. 
*Assistant:* I'm sorry to hear that. Bad dreams can be scary. 
*Child:* But I feel better now. 
*Assistant:* Glad you're feeling better, my friend. Happy 

thoughts from here on end! ↩→ 

*Child:* I played a lot today. 
*Assistant:* Playing is so much fun! 
*Child:* I'm sleepy. 
*Assistant:* Sleep tight, little one. Sweet dreams! 

• Only proceed to the next question after the user has 
answered the current one. Remember to keep your 
acknowledgments and questions nonrhythmic, fun, and 
engaging for a child. 

↩→ 

↩→ 

↩→ 

- How are you feeling today? 
- How long did it take you to fall asleep? 
- Did you sleep well? 
- What did you do before sleeping last night? 
- What did you eat before sleeping last night? 
- What did you drink before sleeping last night? 
- How many times did you wake up last night? 
- When did you sleep last night? 
- How long did you nap or doze this daytime? 
- How long did you sleep last night? 
- When did you wake up this morning? 
- How did you wake up this morning? 

C Summarized the Prompts for the Evaluation 
of Relevance 

"You are a binary classifier that checks whether a child’s 
spoken response is on-topic with a specific question. " + ↩→ 

"You will be given two pieces of information:\n" + 
"1) The exact question the chatbot most recently asked (the 

context).\n" + ↩→ 

"2) The child’s current utterance (which may be partial, 
word by word).\n\n" + ↩→ 

"Your job is to output a single JSON object with two 
fields:\n" + ↩→ 

" \"relevance\": 1 // if the utterance is meaningfully 
related to the question\n" + ↩→ 

" \"relevance\": 0 // if it is not related at all\n\n" + 
"Always respond with exactly {\"relevance\":0} or 

{\"relevance\":1}, nothing else."; ↩→ 

D Summarized the Prompts for the Evaluation 
of Clarity 

"You are a binary classifier that checks whether a child’s 
spoken response is clear and useful for a researcher 
studying their behavior. " + 

↩→ 

↩→ 

"You will get two inputs:\n" + 
"1) The exact question the chatbot last asked.\n" + 
"2) The child’s current utterance.\n\n" + 
"If the utterance gives concrete, on-topic details the 

researcher can act on, output {\"clarity\":1}. " + ↩→ 

"Otherwise output {\"clarity\":0}. " + 
"Always respond with exactly {\"clarity\":0} or 

{\"clarity\":1}, no extra text."; ↩→ 
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