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Abstract 
Sleep diaries are essential self-reporting tools for understanding 
children’s sleep patterns, but maintaining sustained engagement 
and high-quality self-reporting remains challenging. While voice 
input has been explored in child-computer interaction research as a 
method to improve engagement, limited evidence exists regarding 
its effectiveness in supporting sustained self-reporting over time. 
To address this gap, we conducted a five-day field study with 20 
children aged seven to twelve, using a multimodal sleep diary that 
integrated both voice and text input modalities. Our findings re-
veal that voice input significantly supports younger children in 
maintaining engagement over five days, though their response 
quality remains lower than that of older children. Two distinct re-
sponse quality patterns over time also emphasize the importance 
of accounting for individual differences in task performance. Fur-
thermore, input modality preferences varied by age: older children 
consistently favored text input, while younger children generally 
preferred voice input over time. These results highlight the poten-
tial of incorporating voice input into text-based sleep diaries to 
better accommodate the diverse needs of children, enhancing both 
sustained engagement and response quality. Future studies with 
longer observation periods are needed to validate and extend these 
findings. 
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• Human-centered computing → HCI design and evaluation 
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1 Introduction 
Up to 50% of children and adolescents are affected by sleep disorders 
[22]. These disorders often have chronic, complex, and far-reaching 
effects, disrupting not only nighttime sleep but also significantly 
impairing quality of life, daily functioning, and learning [21]. More 
concerningly, these disorders increase the risk of developing serious 
psychiatric and medical comorbidities [64]. To effectively monitor 
the nature, progression, and contributing factors of these condi-
tions, sleep diaries have become a universally preferred method for 
gathering longitudinal self-reported data on sleep experiences and 
related behaviors [12]. Unlike objective assessments such as actig-
raphy and phonomyography, which measure physical sleep-wake 
patterns, sleep diaries capture subjective sleep quality and other 
contextual factors, providing valuable information about personal 
experiences [11]. 

However, despite their importance as tools for healthcare pro-
fessionals to obtain reliable data, sleep diaries in children pose two 
significant challenges. The first is maintaining sustained engage-
ment. This refers to the ability to consistently report sleep expe-
riences daily over several consecutive days – a core requirement 
of sleep diaries [58]. Achieving sustained engagement requires the 
ability to delay gratifications, focus attention, manage emotions, 
and control behaviors, which are skills that are still developing in 
children [6, 10, 13, 78, 101]. The second challenge is to ensure qual-
ity responses. Most existing sleep diaries are designed primarily for 
adults and do not adequately address the needs of children as users 
[14, 102]. Children may struggle with understanding the phrasing 
of questions and describing sleep experiences using precise numeric 
scales and words [93]. 

Voice-based interfaces, with their expanding applications and 
adaptability for children, offer promising alternatives to traditional 
text-based sleep diaries, which often struggle to maintain children’s 
sustained engagement and quality responses [51, 68]. By leveraging 
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conversational and voice-based interactions, these systems can 
create a more accessible and intuitive approach to self-reporting 
[33]. Notably, a voice-based chatbot introduces a communication 
method that is less constrained by children’s literacy skills [25], 
potentially enhancing both sustained engagement and response 
quality [20, 59, 97]. 

However, voice-based chatbots also pose several risks when used 
by children. First, the recognition accuracy of automatic speech 
recognition (ASR) tends to decline when processing children’s 
speech compared to adults’ [73, 107]. This is because children has 
less precise articulation, more limited vocabulary, and fewer strate-
gies to adapt their language can make it difficult to use voice-user 
interfaces effectively [9, 33]. Second, some children may be less 
willing to share information with chatbots than with humans, as 
they perceive bots as less empathetic or prone to misunderstand-
ings during conversations [28]. Furthermore, voice-based interfaces 
introduce additional ethical concerns that are more pronounced 
than those associated with traditional interactive applications [31]. 
For instance, if children become aware that a chatbot cannot fully 
understand or accurately evaluate their responses, they may be 
inclined to behave mischievously by deliberately providing mis-
leading information. This behavior could compromise the quality 
of the data and undermine its overall integrity [31]. 

This study aims to compare the influence of voice and text input 
on children’s sustained self-reporting in sleep diaries. Specifically, 
how do their input choices affect sustained engagement and response 
quality in real-life use? What are their preferences and attitudes 
towards voice and text input modalities in sleep diaries? 

To address these questions, we conducted a five-day field study 
with 20 children aged seven to twelve, using a multimodal sleep di-
ary that integrates voice and text input modalities. Children selected 
their preferred input modalities for daily self-reporting. Through 
the analysis of 1,200 responses with the Linear Mixed-Effected 
Model, our findings reveal that while voice input significantly sup-
ports younger children in maintaining engagement over five days, 
their response quality remains lower than that of older children. Ad-
ditionally, two distinct patterns of response quality over time under-
score the need to account for individual differences in self-reporting 
behaviors. Age also plays a crucial role in modality preferences: 
older children consistently preferred text input, while younger 
children showed a general preference for voice input. The contribu-
tions are twofold: 1) providing a comprehensive understanding of 
the effect of input modalities on children’s sustained engagement 
and response quality in self-reporting contexts; and 2) offering ac-
tionable insights into children’s preferences and attitudes towards 
input modalities over time, informing the design of child-centered 
self-reporting tools. 

2 Related work 
This section begins by identifying two key research gaps: 1) the lack 
of research on children’s sustained engagement and response qual-
ity in sleep diaries within real-world settings, and 2) limited research 
on children’s preferences and attitudes towards input modalities 
in sustained self-reporting over time. It then addresses these gaps 
through three subsections: sustained engagement, response qual-
ity, and preferences for input modalities in sleep diaries. Finally, it 

discusses the methods used to assess sustained engagement and 
response quality. 

2.1 Sleep Diaries for Children 
Sleep diaries are available in two main types: traditional paper-based 
diaries and digital diaries accessible via websites or mobile applica-
tions. Unlike paper-based diaries, which are prone to the ’parking 
lot syndrome’—the tendency to retrospectively complete several 
days’ entries at once — digital diaries are increasingly favored for 
children’s self-reporting [42]. However, most existing digital sleep 
diaries, such as the Graphic Diary [102] and Consensus Sleep Diary 
[14], are not specifically designed for children. As a result, children 
often struggle to understand the questions and find it difficult to 
express their sleep experiences concisely. A common practice in 
sleep research involving children is to have parents complete the di-
aries on their behalf to ensure engaging and high-quality responses 
[59]. However, previous research has highlighted the discrepancies 
between parental reports and children’s self-reported behaviors 
and emotions [39], raising concerns about the reliability of such 
data. 

Recent research in child-computer interaction has focused on 
enabling children to self-report independently, thereby avoiding 
parental biases and allowing children to communicate directly with 
clinicians about their sleep. For instance, inspired by [70, 74, 95], 
Snoozy [1], a chatbot-based sleep diary based on text input, was de-
veloped through a participatory design process involving children 
aged 8-12. This research demonstrated the feasibility of children’s 
self-reporting in a chatbot-based sleep diaries. However, partici-
pants also expressed a preference for and demand for a voice-based 
version of the chatbot. Building on these findings, researchers have 
begun exploring voice-based interfaces for sleep diaries tailored 
to children, such as [17, 99]. These studies have examined how 
voice input can improve engagement and accessibility in children’s 
self-reporting processes. 

However, two key research gaps remain unaddressed. First, issues 
related to sustained engagement and response quality over time 
in real-world field conditions remain largely unexplored. Under-
standing how these factors operate in practical healthcare settings 
is vital for ensuring the effectiveness of sleep diaries [14]. Second, 
while prior work demonstrates the feasibility of voice input, it lacks 
a detailed examination of children’s preferences for voice versus 
text input over time. Insights into how children choose and use 
input modalities in dynamic real-world contexts are essential for 
designing multimodal sleep diaries that better meet their needs. To 
bridge these gaps, this study investigates children’s sustained en-
gagement, response quality, and input modality preferences while 
using a multimodal sleep diary over five days in a real-world, field 
setting. 

2.2 Self-reporting in Sleep Diaries 
2.2.1 Engagement in Sleep Diaries. Unlike sleep questionnaires 
that rely on subjects’ recollections over a week or a month, a sleep 
diary provides a daily record of their subjective experiences, poten-
tially enhancing the accuracy of self-reports [42]. However, main-
taining daily engagement with such records is challenging [4]. Re-
searchers have explored the impact of different input modalities on 
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user engagement across various domains, including collaborative 
writing [65], online learning [82, 108], virtual retail platforms [80], 
and healthcare simulations [23]. 

More recently, input modalities have gained popularity as meth-
ods to enhance engagement, particularly for children [33]. For 
instance, voice-based interfaces have been used in educational con-
texts such as language learning [19] and educational games like 
TurtleTalk [47]. Systems that integrate enriching interactions, in-
cluding voice and text modalities, have been used in children’s 
language learning [16, 18], demonstrating their effectiveness in 
promoting learning [3], supporting home environments [33, 57], 
and aiding in the development of various skills [96]. However, little 
research has focused on using such input modalities to enhance 
sustained engagement in sleep diaries for children. To address this 
gap, our study explores how integrating voice and text-based input 
modalities into a sleep diary impacts children’s sustained engage-
ment. 

2.2.2 Response Quality in Sleep Diaries. Data quality is crucial for 
the validity of behavior research, both in academic publications 
and real-world applications [27]. In the context of sleep diaries, the 
quality of patient responses is essential for healthcare profession-
als when evaluating and treating patients with behavioral sleep 
problems [106]. However, children’s limited capacity to understand 
questions and their developing writing skills make it challenging 
for them to provide high-quality responses in self-reporting. 

Studies suggest that effective input modalities can encourage 
users to produce higher-quality responses. For instance, Wamb-
sganss et al. reported that voice-based online surveys for course 
evaluations resulted in higher information quality compared to 
text-based surveys [103]. Similarly, Khan et al. found a link be-
tween voice-based note taking and the richness of note content 
[49]. Despite these findings, existing research has not thoroughly 
explored the effects of input modalities on response quality in chil-
dren’s daily self-reporting activities or the long-term impact on 
their response quality. Therefore, this study aims to investigate 
how different input modalities affect children’s response quality in 
daily self-reporting over an extended period in real-world settings. 

2.2.3 Input Modalities in Sleep Diaries. Voice-based interfaces can 
potentially facilitate young children in self-reporting compared to 
text-based methods in sleep diaries [17, 99], primarily for the follow-
ing reason: voice input could be faster, especially for children with 
limited writing, typing, and spelling skills, thus lowering poten-
tial barriers associated with text-based interfaces [43]. Historically, 
comparisons of text and voice input technologies have focused on 
knowledge workers and their performance in terms of speed or 
the quality of the documents produced (e.g., [48]), showing similar 
performances with the limited speech recognition technology of 
the millennium. Later works compared various text input methods 
for smartphones, reporting that voice and on-screen keyboards led 
to similar performance in terms of speed and errors, with some 
slight advantages of voice with regard to older adults [92]. Compar-
isons of text input on smartphones using more advanced speech 
recognition technologies, relying on deep learning showed that 
these systems were close to 3 times more efficient than on-screen 
keyboards [81]. However, similar comparisons with modern auto-
matic speech recognition technology for children are unavailable. 

Moreover, research on text input for children focuses educational 
applications, e.g. see [105], rather than on mobile devices and dis-
cretionary use. Thus there remains a need to evaluate whether 
modern speech recognition technology using large-language mod-
els can support children in text input on mobile devices. In the 
context of sleep-diaries engagement and sustained use outside a 
structured classroom context are open challenges that have not 
been investigated. 

2.3 Evaluating Sustained Self-reporting by 
Children 

2.3.1 Evaluating Sustained Engagement. Engagement can be evalu-
ated across two dimensions based on Zyngier’s framework [112]. 
The first dimension is behavioral, which involves users’ persis-
tence and participation. In the context of the experience sampling 
method (ESM), researchers have primarily focused on this dimen-
sion [63, 88], using metrics such as engagement duration, completion 
rate, and response length [53, 109, 110]. The second dimension en-
compasses emotional and cognitive aspects, including interest, value, 
motivation, and effort. In child-computer interaction research, this 
dimension is often emphasized. For example, the Giggle Gauge, a 
self-report metric, was specifically developed to evaluate children’s 
engagement with systems [26]. 

For sleep diaries designed for children, engagement should be 
evaluated in both dimensions: as a method within the ESM, sleep 
diaries should focus on behavioral engagement over time; and from 
the perspective of evaluating children’s sleep experiences, they 
should capture the overall emotional and cognitive responses. How-
ever, existing research has not yet evaluated children’s engagement 
from such a holistic perspective. Thus, this study aims to provide a 
holistic evaluation of children’s sustained engagement with sleep 
diaries by examining both behavioral and emotional-cognitive di-
mensions. 

2.3.2 Evaluating Response Quality. In information elicitation, two 
primary methods are used to evaluate data quality. The first method 
involves a multidimensional scale that assesses more of the process 
by which respondents answer questions, focusing on attention, com-
prehension, honesty, and reliability [27]. This approach is commonly 
used in online surveys, such as those for educational feedback 
[40, 66] and labor market commentary [44]. While it provides ad-
vantages in evaluating the overall response process, it is typically 
limited to single instances of responses in questionnaires. 

The second method focuses more on the outcomes of respondents’ 
answers, particularly in terms of informativeness. For instance, 
Deutskens et al. assessed data quality in internet-based surveys by 
evaluating the completeness and accuracy of respondent answers 
[24]. Zhu et al. developed a model to assess answer quality on social 
Q&A sites using variables such as informativeness, completeness, 
readability, relevance, conciseness, truthfulness [111] (In their study, 
truthfulness was evaluated by experts, which is not always possible 
or desirable when studying subjective experiences like sleep, as in 
our case.). More recently, Lee et al. used non-differentiation levels, 
based on satisficing theory, as a measure of data quality [50]. Build-
ing on this, Ziang et al. categorized aspects like informativeness, 
specificity, relevance, and clarity as indicators of data quality [110], 
emphasizing the content quality of responses through the lens of 
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informativeness. Unlike the first method, the second method is ap-
plicable in a wider range of contexts, whether respondents answer 
surveys once or multiple times. 

In the context of diary-based self-reporting, which requires main-
taining regular daily entries, the outcomes of respondents’ answers, 
as evaluated by the second method, are more suitable. Previous 
research has employed metrics such as missing data thresholds and 
the number of non-response items [15]. However, to our knowledge, 
earlier works in this field have not yet developed systematic eval-
uation metrics for assessing the response quality of children in 
diary-based surveys. Hence, this study aims to establish systematic 
metrics to comprehensively understand response quality in chil-
dren’s diary-based self-reports and to explore how these metrics 
can reveal patterns in their sustained self-reporting. 

3 Field Study 
To address the above research gaps, we designed and implemented 
a multimodal sleep diary that integrates both text and voice input 
modalities and conducted a field study. Through the study, we 
analyzed 1) the effects of input modalities on children’s sustained 
engagement, 2) the response quality, and 3) children’s preferences 
and attitudes toward the input modalities in the sleep diary over 
time. 

3.1 Design and Implementation 
3.1.1 The Content of the Sleep Diary. The sleep diary was adapted 
from the Consensus Sleep Diary [14]. To ensure its practical rele-
vance and suitability for children, the content was revised in col-
laboration with clinicians and pediatricians from a local children’s 
hospital to align with real-world needs. We removed some questions 
with only slight differences, as these could have made it difficult for 
children to distinguish between them. Additionally, we simplified 
medical terminologies in certain questions that may have been 
difficult for children to understand. For example, the question “Did 
you take any over-the-counter or prescription medications to help you 
sleep?” was rephrased into three separate questions (Q4, Q5, Q6). 
The content is shown in Table 1. 

Table 1: The content of the sleep diary 

Questions 
Q1. How are you feeling today? 
Q2. How long did it take you to fall asleep? 
Q3. Did you sleep well? 
Q4. What did you do before sleeping last night? 
Q5. What did you eat before sleeping last night? 
Q6. What did you drink before sleeping last night? 
Q7. How many times did you wake up last night? 
Q8. When did you sleep last night? 
Q9. How long did you nap or doze this daytime? 
Q10. How long did you sleep last night? 
Q11. When did you wake up this morning? 
Q12. How did you wake up this morning? 

3.1.2 Materials: Bi-modal Sleep-diary App for Children. A multi-
modal sleep diary for children was iteratively designed based on 
earlier sleep diaries. Children participated in targeted co-design 

activities and lab-based user testing, which are outside the scope 
of this paper, as our focus here is on assessing the impact of dif-
ferent modalities on children’s response behavior. The diary was 
implemented as a multimodal chatbot-based app for Android smart-
phones using Java. The app supports both voice and text input 
modalities for answering questions and is available in Dutch and 
English. Previous research has demonstrated that Google’s speech 
recognition technology provides sufficient transcription accuracy 
for children [17]. Consequently, we utilized Google’s recognition 
technology, leveraging its APIs for backend infrastructure, includ-
ing voice recognition and transcription capabilities. The conver-
sation flow is rule-based and designed to provide empathetic re-
sponses tailored to the children’s answers. 

App Interface: The app interface is illustrated in Figure 1, 1) After 
logging in, users click the “Click me!” button to enter the conversa-
tional interface (Figure 1, a); 2) In the conversational interface, the 
app starts asking questions, displaying the text on the screen while 
simultaneously reading it aloud. Both input modalities (voice and 
text) are available at the bottom of the screen for users to choose 
from (Figure 1, b); 3) Users can select the voice input option to 
answer a question (Figure 1, c); 4) Users can select the text input 
option to answer the question (Figure 1, d); 5) A congratulatory 
message is displayed upon completion of all questions (Figure 1, e). 

Data Storage: Data storage is managed by Firebase with following 
features: 1) Timestamps are added to the conversation logs to record 
response times; 2) Input modalities are labeled, with voice input 
marked as “Kid_voice” and text input marked as “Kid_type”; 3) 
Login and registration functions are implemented to distinguish 
Participant IDs, with each child having a personal account and 
automatic login to reduce the need for repeated credential input; 
4) Notifications are used to remind children to complete their daily 
entries. Chat transcripts are stored as TXT files in Firebase (backend 
platform), with each file named according to the user’s pseudonym. 
Figure 2 shows an example of a conversational transcript snippet. 

3.2 Pilot Tests 
To refine our multimodal system design, we conducted pilot tests 
with the app to identify any impediments that could affect data 
collection. The test involved five children aged seven to twelve 
(𝑀 = 8.36, 𝑆𝐷 = 1.88; two boys, and three girls) over three days. 
During this period, the children were required to complete the self-
reporting task three times at home using their parents’ smartphones 
with the app installed. 

Four children completed the three-day test successfully, while 
one child could not participate due to compatibility issues between 
the smartphone’s operating system and the app. To address this, 
we decided to provide all participants with the same smartphone 
model, the Samsung A40, with the app pre-installed for the later 
experiment. Additionally, three children expressed a desire for a 
progress indicator to display the number of remaining questions. 

We also observed that children did not show a clear preference 
between the two input modalities, raising concerns that the static 
placement of input options might lead them to choose the same 
input modality out of habit (e.g., due to hand dominance) [46]. To 
mitigate this, we regularly alternated the positions of the voice and 
text input options [86]. Finally, we introduced a time restriction 
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Figure 1: The screenshots of the interfaces in the app: A) Start to answer, B) Input modality choose, C) Choose voice input 
modality, D) Choose text input modality, and E) Finish answering. 

Figure 2: Screenshot of a transcript of a conversation snippet, 
stored in Firebase (backend platform). To test the accuracy 
of the voice recognition, we asked four children aged seven 
to twelve to compare the audio recordings and transcripts 
stored in Firebase. The accuracy reached 96%, illustrating 
that the API is effective for use with children [71]. 

by disabling the “Click me!” button after all questions were an-
swered. This was necessary to prevent repeated submissions within 
the same day, which could contaminate the data and reduce its 
reliability. 

3.3 Participants and Ethical Considerations 
20 children aged seven to twelve (𝑀 = 9.87, 𝑆𝐷 = 1.71), including 
fourteen girls and six boys, participated in the study. Participants 
were recruited from the children’s area of a local public library and 
neighboring primary schools. All participants were native Dutch 
speakers. Since the field test involved reading, listening, writing, 
and speaking tasks on a smartphone, we ensured that all partici-
pants had typical abilities in these areas and prior experience with 

smartphones. As the study aimed to explore sustained engagement, 
response quality, and preferences for input modalities over time, 
the inclusion criteria did not consider whether participants had 
sleep disorders. 

Ethics approval was obtained from our university’s Ethical Re-
view Board. To protect privacy, all personal data – including de-
mographic information, audio recordings, and conversations syn-
chronized on Firebase – were deleted immediately after the study. 
Pseudonyms were used during all interactions with the app. Par-
ticipation was voluntary, requiring both parental consent and chil-
dren’s willingness. 

As a token of appreciation, each child received a small set of 
Lego bricks, and each parent received 10 euros gift card for their 
supporting. Additionally, to provide meaningful benefits beyond 
material rewards, a follow-up class was offered to teach participants 
how to design their own chatbot. 

3.4 Procedure 
Although no studies provide a direct recommendation for the opti-
mal duration of sleep diary studies tailored specifically to children, 
previous research supports the reliability of a five-day period for 
assessing children’s sleep patterns [2, 90]. Similarly, prior stud-
ies have successfully employed a five-day period for children’s 
self-reporting in sleep diaries [62, 94]. Furthermore, Rintala et al. 
demonstrated that a five-day period is sufficient to assess adherence 
to an experience sampling protocol [79]. Based on this evidence, 
we designed our experiment with a five-day self-reporting period 
using the app. To further enhance the robustness of the data, the 
five-day period included both weekdays and weekends, ensuring 
diversity in the collected responses. 

The experiment consisted of three sessions, with each child 
required to complete daily reports over five consecutive days. The 
sessions were structured as follows (Figure 3): 

3.4.1 Session 1: Pre-training. This initial session involved a train-
ing appointment with parents and their children, conducted either 
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Figure 3: Experiment procedure 

at our university (eleven participants) or at the participants’ home 
(nine participants). After signing the consent forms, children were 
introduced to the study procedures and provided with a smartphone 
pre-installed with the app. They were guided on how to use the app 
until they could independently complete the self-reporting task, 
practicing with both input modalities. Before concluding the session, 
each child was required to successfully complete the self-reporting 
task on their own to confirm their ability to do so independently 
at home. Additionally, we provided a tutorial guide to each partici-
pant, detailing steps to resolve common issues such as app crashes 
or login difficulties. For problems beyond the guide’s scope, we 
arranged a home visit to offer further support. 

3.4.2 Session 2: Field Test. For five days, each child completed a 
daily self-report using the app on the provided smartphone. A noti-
fication was sent via Firebase at 9 PM to remind them to complete 
the task. If they missed a day, they could complete it the next day 
until all five reports were submitted (Figure 4). 

3.4.3 Session 3: Post-assessment. In the final session, participants 
completed the Giggle Gauge [26], a quick tool to assess their engage-
ment with the app over the five days, followed by a semi-structured 
interview. The interview covered their perceptions of the input 
modalities, reasons for choosing specific times for the task, and 
feedback on their self-reporting experience. Participants also com-
pleted the Again-Again survey [75] to indicate their preferred input 
modality for future use. Finally, the smartphones were collected. 

3.5 Data Collections and Processing 
3.5.1 Response Content. The content of conversations between 
children and the app is crucial for evaluating both their sustained 
engagement and the quality of their responses. We processed these 
conversation transcripts from the TXT files synchronized in Fire-
base (Figure 2) to extract the following data: 1) The choice of input 
modality for each response; 2) the length of each response; and 3) 
the content of each response. 

3.5.2 Engagement Questionnaire. To assess children’s engagement 
with the app, we utilized the Giggle Gauge [26], a validated self-
report instrument for our target age range. The Giggle Gauge mea-
sures engagement across dimensions such as challenge, aesthetics, 
feedback, interest, novelty, endurability, and perceived user control 
on a four-point scale (with 4 being the highest). 

Figure 4: A child interacting with the app installed on the 
SAMSUNG A40 at home 

3.5.3 Attitudes. To understand children’s attitudes towards the 
input modalities used over the past five days, we conducted a semi-
structured interview. First, we gathered feedback on the two input 
modalities in the app during their self-reporting sessions. Next, we 
used the Again-Again table [75] to compare their future preferences 
for these modalities. Finally, we explored the reasons behind their 
attitudes based on their responses. This approach provided deeper 
insight into the subjective experiences of children, complementing 
our analysis of their behaviors. 

3.5.4 Age Group. Previous research suggests that response behav-
iors can vary between age groups, with younger children typically 
producing shorter responses due to their developing language skills 
and cognitive abilities, while older children may generate longer 
and more complex responses [61]. Considering the cognitive differ-
ences—such as attention span, familiarity with technology, and pro-
cessing speed—within the age range, we conducted an exploratory 
analysis of input modality preferences, comparing “younger” (ages 
7-9) and “older” (ages 10-12) groups [69]. Each age group consisted 
of seven children, allowing us to observe how these developmental 
factors might influence their choice between voice and text input 
modalities. 
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3.5.5 Answering Type. Considering the effects of question type 
(open-ended or closed-ended [89]) on the input modalities (text 
and voice) [41], we categorized children’s answers according to 
their type: Descriptive Answer Type (DAT) and Non-Descriptive 
Answer Type (NDAT) [67, 88]. DAT answers, like “What did you eat 
before sleeping last night?”, require descriptive information. NDAT 
answers, like “When did you sleep last night?”, involve time or 
numerical responses. In the sleep diary (Table 1), answers to six 
questions (Q1, Q3, Q4, Q5, Q6, and Q12) are DAT, while the other 
six are NDAT. 

We focused our analysis on DAT responses because they are the 
most critical aspect of sleep diaries, providing the primary source 
of subjective sleep experiences and contextual factors. In contrast, 
NDAT responses primarily involve numbers and times, limiting 
their potential for capturing more detailed information. However, 
NDAT responses can be effectively supplemented with objective 
measures from actigraphy or wearable devices like smartwatches, 
providing a comprehensive view of sleep patterns. 

3.5.6 Preferences. To understand participants’ preferences of in-
put modalities, we calculated the frequency of choosing each input 
modality over five days. A higher frequency of choosing one modal-
ity indicates a preference [104], allowing us to minimize personal 
bias and satisficing in subjective responses [56]. 

4 Measures 
To address our research questions, we built metrics to analyze 
children’s sustained engagement and response quality. 

4.1 Assessing Sustained Engagement 
Sustained engagement in sleep diaries encompasses both behav-
ioral and emotional/cognitive dimensions, as outlined in Section 
2.4.1. For behavioral engagement, previous studies have utilized met-
rics like engagement duration, completion rate, and response length 
[53, 109, 110]. In this paper, all children successfully completed 
their self-reporting over the five-day period, and no time limita-
tions were imposed on individual responses. As a result, metrics like 
engagement duration and completion rate (100%) were not consid-
ered. Instead, we focused on response length, measured as the word 
count of a child’s response to each question [30], calculated directly 
from the chat transcript. For the second dimension – emotional and 
cognitive engagement – we used the Giggle Gauge [26]. 

4.2 Assessing Response Quality 
To assess the quality of children’s responses, we drew inspiration 
from Gricean Maxims [35], focusing on four key aspects [110]: 
informativeness, specificity, relevance, and clarity. These principles 
help ensure that “cooperative” participants provide high-quality 
responses. Prior research has drawn from Shannon’s information 
theory to calculate informativeness based on the surprisal of each 
word – the inverse of its expected frequency in modern English [38, 
110]. However, due to children’s limited vocabulary, which often 
results in low surprisal values, informativeness is not a suitable 
metric for evaluating their responses. Therefore, we focused on 
these three metrics: information units (specificity) [110], relevance, 
and clarity: 

Information Units (IU). An IU represents the smallest integral 
piece of new information in a response, focusing on the elements 
that directly answer the question [98]. For instance, in response to 
the question, “What did you eat before sleeping last night?”, the an-
swer: “I ate apple and chocolate” contains three IUs: “I”, “apple”, and 
“chocolate” (Table 2). In this context, the verb “ate” is not counted as 
an IU because it does not add new information beyond what is im-
plied by the question, which specifically asks about the subject and 
food items. We used the Spacy package in Python to automatically 
count the number of IUs in each response based on this approach. 

Relevance (R). In the context of sleep diaries, a quality response 
must be relevant to the question. Irrelevant responses add no value 
and complicate clinicians’ analysis. Two researchers manually and 
independently assessed relevance on a three-level scale: 0 – Irrele-
vant, 1 – Somewhat Relevant, and 2 – Relevant (Table 3). Inter-rater 
reliability was calculated for these scores: 𝜅 = 0.84 (95% CI, 0.70 to 
0.98). 

Clarity (C). According to the Gricean Maxim of clarity, an ef-
fective response is easily understood without ambiguity. Clarity 
was scored on a three-level scale: 0 – illegible text, 1 – incom-
plete sentences or blur answer, 2 – clearly articulated response 
(Table 4). Two researchers manually and independently scored 
the clarify of each text response, with an inter-rater reliability of 
𝜅 = 0.91(95% 𝐶𝐼 , 0.91𝑡 𝑜 0.91). 

Response Quality Index. We created an overall RQI for each re-
sponse by aggregating the three quality metrics, following the 
approach of XIAO et al.,[110]. 

RQI = IU × 𝑅 × 𝐶 (1) 

This formula 1 allows us to quantify response quality, recog-
nizing that even responses with high information content are not 
useful if they are irrelevant. For example, if the app asks: “What 
did you do before sleeping last night?”, and the child responds, “I 
want to go to school.”, the answer, though informative, provides no 
useful data for clinicians. The value of RQI serves an indicator of 
the response quality rather than an absolute measure, offering a rel-
ative assessment of how well the response aligns with the intended 
question [110]. 

5 Result 
The app functioned smoothly for most participants, with the ex-
ception of five children who accidentally deleted the app during 
their usage at home. We visited their homes to reinstall the app, 
ensuring they could continue with the experiment. Ultimately, all 
20 children completed the study. A power analysis for repeated mea-
sures ANOVA, conducted with two age groups (younger vs. older 
children), indicated that a sample size of 20 participants achieves 
up to 86% power [100]. 

We collected a total of 1,200 responses over the five-day period, 
addressing three research objectives: 1) examining the effect of 
input modalities on children’s sustained engagement, 2) evaluating 
response quality, and 3) understanding children’s preference and 
attitudes toward input modalities in the sleep diary. 
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Table 2: Example of Information Units in a response to a question 

Response Information units (IU) The value of IU 
“I ate apple and chocolate.” I - apple - chocolate 3 

Table 3: Example of the code to the Relevance in responses to a question 

Question Answer The value of Relevance (R) 

What did you eat before 
sleeping last night? 

Irrelevant: “I slept early.” 0 
Somewhat relevant: "dinner" 1 
Relevant: "Apple and chocolate." 2 

Table 4: Example of the code to the Clarity in responses to a question 

Question Answer The value of Clarity (C) 

What did you eat before 
sleeping last night? 

Illegible text: "nij" 0 
Incomplete sentences: "dinner" 1 
Clearly articulated response: "Apple and chocolate." 2 

5.1 Influence of Input Modalities on Sustained 
Engagement 

As outlined in Section 4.1, we examined children’s sustained en-
gagement across two dimensions: response length as a measure of 
behavioral engagement, and the results of the Giggle Gauge for 
emotional and cognitive engagement. 

5.1.1 Behavioral Engagement. The results focus on: 1) the overall 
effect on response length, 2) the patterns of response length over 
time, 3) the effect of input modalities over time, and 4) the combined 
effects of input modalities and age groups over time. 

The overall effect on response length. To investigate the 
effect of age groups and input modalities on children’s engagement, 
we built a linear mixed-effects model (LMM) in R using lme4 pack-
age [7]. LMMs are used to analyze clustered data, such as repeated 
observations from the same participants over time [29]. Given our 
design, with multiple observations per participant, this model was 
well-suited to account for both random and fixed effects. In this 
model, participants were treated as a random effect to control for 
individual differences. The dependent variable was the response 
length of each answer. Input modalities (text vs. voice) and age 
groups (younger vs older group) were treated as fixed effects. The 
final model examined the effects of age groups, the answer type, 
and their interaction on the preference for input modality (Table 5). 

Assumption test confirmed that the LMM met the necessary 
criteria. The residuals vs. fitted values plot indicated linearity, and 
the Q-Q plot showed approximate normality of residuals, despite 
the Shapiro-Wilk test (𝑊 = 0.78, 𝑝 < 0.05) suggesting deviation. 
This aligns with previous findings that LMMs are robust to minor 
deviations from normality, particularly with larger datasets [85]. 
Visual inspections of residuals vs. predictor plots and random ef-
fects, which were approximately normal and centered around zero, 
further confirmed that the model’s assumptions were adequately 
met. 

The model revealed a statistically significant main effect of the 
input modality on response length (𝑝 < 0.001), with voice input 

resulting in responses that were, on average, 1.66 words longer 
than those using text input modality. The main effect of AgeGroup 
on response length was not significant (𝑝 = 0.18), indicating no 
substantial difference between age groups. 

Table 5: Effects of model factors on predicting response 
length. The model formula is 𝑅𝐿 ∼ 𝐴𝑔𝑒𝐺𝑟 𝑜𝑢𝑝 +𝐼 𝑛𝑝𝑢𝑡 𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦 + 
(1|𝑃 𝑎𝑟 𝑡 𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝐼 𝐷 ), where 𝑅𝐿 = response length, 𝐼 𝑛𝑝𝑢𝑡 𝑀𝑜𝑑𝑎𝑙 𝑖𝑡𝑦 
= input modality (voice vs text), 𝐴𝑔𝑒𝐺 𝑟 𝑜𝑢𝑝 =the groups of age 
(younger vs older), 𝑃𝑎𝑟 𝑡 𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝐼 𝐷 = participant ID. ***p < 0.001, 
*p < 0.05. 

Variables Estimate SE df t p 
(Intercept) 1.64 0.12 55.87 14.29 2𝑒 − 16 *** 
InputModality 1.66 0.10 1075.36 4.54 6.34𝑒 −06 *** 
AgeGroup 0.20 0.14 25.38 1.38 0.18 

Patterns of response length over time. Our analysis using a 
LMM examined the effect of time (Day 1 to Day 5) on children’s 
response length. Assumption testing confirmed that the LMM met 
the necessary criteria, as indicated by residual plots and random 
effects analysis. The results showed a significant negative effect 
of day on response length (𝛽 = −0.07, 𝑝 < 0.05), indicating that 
response length tended to decrease slightly over the five-day period 
(Figure 5). However, this decline was not linear. The response length 
generally decreased over the first few days, then stabilized, with a 
slight recovery on Day 5, forming a gentle “U-shape” pattern. 

The effect of input modalities over time. The model revealed 
a significant main effect of input modality on children’s response 
length over time, with longer responses observed for voice input 
compared to text input (𝛽 = 0.41, 𝑝 < 0.05). Figure 6 shows the 
response lengths over the five days for both text and voice input 
modalities. Specifically, on Day 1, voice input resulted in slightly 
longer responses than text input. A notable drop in response length 
was observed for text input on Day 2, followed by a decline in 
response length for voice input on Day 3. By Days 4 and 5, response 
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Figure 5: The distribution of response length over time. 

lengths for the voice input modality had obviously recovered com-
pared to text input. 
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Figure 6: Patterns between two input modalities. Blue line 
= text input; red line = voice input; Y-axis = mean response 
length to each DAT. 

The combined effects of input modalities and age groups 
over time. We observed a significant interaction effect between 
input modality and age groups (𝛽 = −0.11, 𝑝 < 0.05), suggesting 
that the effect of input modality on response length varies by age 
group. Figure 7 displays the effect of input modalities (voice vs. 
text) and age groups (older vs. younger) on response length over 
five days. For voice input, responses from younger children showed 
a progressive increase in length, peaking on Day 5. In contrast, 
responses from older children were more variable, with a dip on 
Days 3, followed by a slight increase on Day 5. For text input, both 
age groups generally produced shorter responses. Responses from 
older children remained relatively low and stable, with a slight 

decrease toward the end. Responses from younger children also 
showed a decline in text input response length after Day 1, with a 
slight recovery on Day 5. 
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Figure 7: Patterns between two input modalities in two age 
groups. Red solid line = responses from older children with 
voice input; red dashed line = responses from younger chil-
dren with voice; blue solid line = responses from older chil-
dren with text input; blue dashed line = responses from 
younger children with text input. Y-axis = mean response 
length to each DAT. 

5.1.2 Emotional and Cognitive Engagement. Twelve out of twenty 
children exhibited high engagement (𝐸 ≥ 3.6), and seven showed 
moderate engagement (3.0 ≤ 𝐸 < 3.6). Additionally, seventeen out 
of twenty children rated 4 (𝑀 = 3.82, 𝑆 𝐷 = 0.39) for “I like how 
the app looked and felt”, fourteen rated 4 (𝑀 = 3.68, 𝑆 𝐷 = 0.59) for 
“I enjoy using it”, and fourteen rated 4 (𝑀 = 3.65, 𝑆 𝐷 = 0.67) for 
“I would like to do this again sometime”. These results suggest that 
the app’s aesthetic and sensory appeal, endurability, and overall 
interest are key factors in attracting and engaging children [26]. 

5.2 Impact of Input Modalities on Response 
Quality 

Using Formula 1, we calculated the Response Quality Index (RQI). 
Our analysis primarily focused on: 1) the overall effect on response 
quality, 2) patterns of response quality over time, 3) the effects of 
input modalities over time, and 4) the combined effects of input 
modality and age groups over time. 

Overall effect on response quality. To explore the effects of 
input modality and age group on response quality, we built a LMM. 
ParticipantID was treated as a random effect, while input modality 
(voice vs. text) and age group were fixed effects. Assumption testing 
was conducted, including checks for linearity (residuals vs. fitted 
value plots), normality of residuals (Q-Q plots), homoscedasticity, 
and the distribution and independence of random effects. These 
results confirmed that the model’s assumptions were satisfied. 
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The findings revealed a statistically significant main effect of 
input modality on response quality (𝛽 = 0.54, 𝑝 < 0.05), with voice 
input producing responses that were, on average, 0.41 units higher 
in quality than text input. In this context, one unit represents a 
change in the composite score derived from Formula 1 (the product 
of information units, relevance, and clarity), reflecting a meaningful 
improvement in the overall quality of the responses. The effect 
of age group on response quality was not statistically significant 
(𝛽 = 0.50, 𝑝 = 0.12), indicating no significant difference between 
the different age groups. 

Patterns of response quality over time. Figure 8 illustrates 
two distinct patterns of change in the response quality of 20 chil-
dren over five days, categorized based on the fluctuations in their 
responses. These patterns are presented in two subplots, with each 
line representing an individual child’s pattern: the first subplot 
reveals a “U-shaped” pattern in response quality. It starts at a rel-
atively high level On Day 1, declines sharply, and then shows a 
notable recovery on Days 4 or 5. The second subplot presents a 
more stable pattern, where response quality remains relatively con-
sistent over five days, with only minor fluctuations that are less 
pronounced than those in the first subplot. 

The effect of input modalities over time. The model revealed 
a significantly effect of input modality on children’s response qual-
ity over time, with higher responses quality observed for voice input 
compared to text input (𝛽 = 0.33, 𝑝 < 0.05). Figure 9 illustrates two 
distinct “U-shape” patterns in response quality for voice and text 
input over five days. The response quality for voice input shows 
a gradual recovery, while the pattern for text input exhibits an 
opposite fluctuation. Specifically, voice input quality starts higher 
than with text input but drops to similar levels on Day 2. However, 
by Day 5, voice input quality recovers and significantly increases. 
In contrast, text input quality, which begins at a lower level, briefly 
stabilizes before declining further by the end of the study. 

The combined effects of input modalities and age groups 
over time. We observed a significant interaction effect between 
input modality and age groups (𝛽 = −0.06, 𝑝 < 0.05), suggesting 
that the effect of input modality on response quality varies by age 
group over time. Figure 10 shows how ages and input modalities 
affect response quality over time. Responses from older children 
using voice input displayed significant fluctuation – starting high, 
followed by a sharp decline, and then a strong recovery by Day 5. 
In contrast, the quality of responses from younger children using 
voice input exhibited a steadier pattern, maintaining consistent 
quality early on with gradual improvement by Day 5. 

5.3 Children’s Preferences and Attitudes 
towards Input Modalities 

5.3.1 Children’s Preference of Input Modalities in the Sleep Di-
ary. To investigate the effects of age groups and answer types on 
children’s preferences for input modalities, we built a linear mixed-
effects model. In this model, participants were treated as a random 
effect to control for individual differences. The dependent variable 
was the preference for input modalities. Age groups (younger vs 
older), answer type (DAT vs NDAT), and their interaction were 
treated as fixed effects. 

Our analysis focused on: 1) the overall effect of input modality, 2) 
overall preferences for input modality, 3) patterns in input modality 
preferences over time. 

Overall effects of input modality. Analysis of 1,200 individual 
responses revealed a statistically significant main effect of AgeGroup 
on input modality preference (𝛽 = −0.54, 𝑝 < 0.01). The negative 
estimate indicates that older children showed a lower preference for 
the voice modality compared to younger children. AnswerType also 
had a significant effect (𝛽 = 0.04, 𝑝 < 0.05), with DAT being slightly 
more preferred. However, the interaction between AgeGroup and 
AnswerType was not statistically significant (𝑝 = 0.70), indicating 
that the effect of AnswerType on modality preference did not differ 
significantly between age groups. Furthermore, the result of the 
Again-Again table revealed that a significant interaction between 
input modality and age group (𝐹 = 18.70, 𝑝 < 0.001), indicating 
that the durability and preferences for input modalities are age-
dependent. 

Overall preferences for input modality. We further mea-
sured the effect of AgeGroup and AnswerType on input modality 
preference, reporting the results in terms of overall choice. The 
t-values and p-values were calculated using Satterhwaite’s approxi-
mation of degree of freedom [84]. Figure 11 shows a bar chart of 
modality preferences across the two age groups. The Chi-square 
test revealed significant differences in modality choice between age 
groups, 𝜒2 

3 = 256.18, 𝑝 < 0.001, suggesting that age plays a crucial 
role in how children prefer to input information. Older children 
favored text input significantly more than younger ones. The large 
Chi-square value ( 𝜒2 

3 = 256.18) indicates substantial differences in 
preference, likely due to factors like technology familiarity, cogni-
tive processing speed, or comfort with different input methods. 

Patterns in input modality preferences over time. The find-
ings revealed distinct patterns in input modality preferences be-
tween younger and older children over the five-day period. Younger 
children increasingly favored the voice modality (𝛽 = 0.02, 𝑝 = 
0.001 < 0.05), while their preference for text input significantly 
declined over time (𝛽 = −0.54, 𝑝 < 0.001). In contrast, older chil-
dren initially preferred text input, showing a gradual but significant 
decrease in this preference over time (𝛽 = 0.04, 𝑝 < 0.05), along-
side an increase in their likelihood of selecting the voice modality 
(𝛽 = −0.86, 𝑝 < 0.001). Figure 12 illustrates these trends, depicting 
the mean choice of input modality (voice vs. text) over five days for 
both age groups. While younger children showed a strong initial 
preference for voice that increased further, older children main-
tained a preference for text but gradually adopted voice input more 
frequently. 

5.3.2 Children’s Attitudes Toward Multimodal Sleep Diaries. We 
applied thematic analysis [45] to analyze the interview transcripts. 
The transcripts were coded to capture participants’ experiences 
with the two input modalities, interactions with the chatbot, and 
their expectations of self-reporting activities at home. 

Two coders independently developed an initial codebook through 
open coding of the data. After that, they collaborated to discuss 
individual codes, followed by a second round of independent cod-
ing using the emerging codebook. Finally, the coders reconvened 
to resolve disagreements, clarify coding details, and finalize the 
codebook. The coding process demonstrated high consistency and 
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Figure 8: Observed patterns in response quality fluctuations over time. The Y-axis represents the total response quality of DAT. 
The first subplot illustrates a “U-shape” pattern, indicating an initial decline followed by recovery. The second subplot depicts a 
relatively steady pattern of response quality over five days. 
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Figure 9: Patterns of response quality between input modal-
ities. Blue line = text input; red line = voice input. Y-axis = 
mean response quality for each DAT. 

accuracy, with an inner-rater reliability of 84%, as measured by 
Cohen’s Kappa [60]. 

The findings were split into two high-level categories focusing 
on the positive and negative attitudes toward the sleep diary with 
multiple input methods. 

(1) Positive attitude. 

Advantages of voice input modality. A significant majority 
of the children, nine in total, expressed a clear preference for using 
the voice input modality in the sleep diary. The primary advantage 
of this modality was its ease of use, particularly when compared to 
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Figure 10: Effects of age groups (Older vs. Younger) and input 
modality (text vs. voice) on response quality over five days. 
X-axis = days of the study; Y-axis = average response quality. 

text input. Many children found typing on a smartphone cumber-
some due to the small size of on-screen keyboards, which often led 
to errors (C2, C3, C6, C8, C15). One child succinctly captured this 
frustration: “I like talking because the keys on the phone are too small, 
sometimes I type wrong because of that.” (C3). Additionally, the voice 
input modality was appreciated for its speed and efficiency, with 
some children noting that speaking their responses were consider-
ably faster than typing (C12). Beyond these practical benefits, the 
voice input modality also resonated with some children on a more 
personal level. They found the act of speaking more engaging than 
typing, which contributed to a more positive overall experience 
(C10, C8, C17). As one child said, “I think talking is more fun. I don’t 
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Figure 11: Overall Children’s preference across input modal-
ities. Error bars represent 95%CI, **p<0.001. 
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Figure 12: Children’s choice over time. X-axis = days of the 
study; Y-axis = average modality choice per child. 

like typing.” (C8). This preference suggests that voice input not only 
simplifies the process but also makes it more interactive and less 
burdensome for children. 

Advantages of text input modality. Conversely, five children 
favored the text input modality, highlighting different benefits that 
aligned more closely with their needs and preferences. One of 
the primary concerns with voice input was the accuracy of voice 
transcription, which some children found unreliable (C7, C9, C19). 
As one child explained, “I prefer not talking aloud because it often goes 
wrong. I’m used to typing, so it’s nicer to type.” (C7). This sentiment 
was echoed by another child who valued the precision that typing 
afforded, stating, “I prefer typing because it is more accurate.” (C9). 
Another significant advantage of text input was its editability, which 
gave children greater control over their responses (C9, C11, C20). 
“I can edit anything I want. But with talking, I can’t modify what 
I’ve said.” (C11). This ability to refine their answers contributed to 

a sense of ownership and accuracy, which was important to some 
children. Moreover, the tactile and visual aspects of typing offered a 
more structured and controllable way for children to express their 
thoughts. One child noted, “I found it easier to know where to press 
when typing than to know when I can talk and what to say.” (C14). 
This preference for text input reflects a desire for precision, control, 
and the ability to carefully craft responses, which some children 
found lacking in the voice input modality. Finally, the children 
preferring typing also stated that they preferred this modality as 
they are ‘used to it’ (C7). Therefore, children accustomed to text-
based inputs might be more inclined to stick to this modality. 

(2) Negative attitudes. 

Repetitive content and decreased engagement. A recurring 
issue mentioned by nearly all the children was the monotony of 
answering the same set of questions in the sleep diary each day. 
This repetition gradually eroded their motivation and engagement 
over time, with one child comparing the experience to completing 
homework: “There were always the same questions every day. It felt 
like homework.” (C3). This comparison highlights how the routine 
nature of the questions transformed the activity from a potentially 
engaging task into a mundane chore. To counteract this, some chil-
dren incorporate more dynamic and entertaining content, such as 
jokes, to inject fun into the process and maintain their interest (C7, 
C8, C16). “If possible, I hope the conversations can be more fun with 
jokes.” (C7). This feedback underscores the importance of variety 
and entertainment in maintaining the engagement of young users 
in daily tasks. 

The conversational style. Several children also pointed out 
limitations in the conversational style of the sleep diary interfaces, 
which they felt could benefit from enhancements to make the in-
teraction more appealing and motivating. Some children suggest 
enriching the conversational style in the interface to improve their 
motivation in daily self-reporting. For example, one child stated, 
“You can use emojis, or use pictures to make it more fun.” (C1). This rec-
ommendation reflects a desire for a more visually stimulating and 
interactive experience that could transform routine data entry into 
a more enjoyable activity. Another child expressed dissatisfaction 
with the robotic nature of the voice used in the diary, describing it 
as lacking the warmth and relatability of human interaction: “The 
voice sounds like a machine. I hope it is more like a human.” (C2). 
This feedback highlights the importance of creating a more natu-
ral and emotionally resonant user experience, particularly in tools 
designed for children, the sleep diary could better engage children 
and sustain their interest over time. 

6 Discussion 
Here we discuss the potential factors influencing children’s sus-
tained engagement and response quality, their preferences and 
attitudes toward input modalities (text and voice) over time, reflec-
tions of ethical considerations, and the limitations and future work 
of our study. 

6.1 Towards Sustained Engagement 
Firstly, we examined how the input modality influences on chil-
dren’s sustained engagement in the sleep diary, specifically using 
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response length as an indicator. Responses were, on average, 1.66 
words longer with voice input than text input, suggesting that voice 
facilitate more detailed responses [76, 77]. This finding aligns with 
previous findings that input modality affects user behavior [34]. 

Voice input consistently elicited longer responses, particularly 
from younger children, while text input produced shorter responses 
across both age groups. While intriguing, this finding should be 
confirmed in future studies with more comprehensive data to ensure 
its robustness. Responses from older children were more variable, 
especially with text input, suggesting that factors like question 
content or familiarity with technology might play a role. These 
results imply that voice input may be more effective for eliciting 
detailed responses from younger children [76, 77], though these 
observations remain tentative due to the study’s limitations. Further 
research is essential to confirm these patterns and understand the 
underlying mechanisms. For older children, additional strategies, 
such as incorporating interactive elements or mixed modalities, 
may enhance engagement and response detail. 

The results of Giggle Gauge questionnaire further highlight the 
app’s effectiveness in fostering both cognitive and emotional en-
gagement. The combination of voice and text modalities accommo-
dates individual preferences, enhancing the user experience and 
supporting sustained focus and positive emotions. These findings 
underscore the app’s potential for broader applications in therapeu-
tic contexts, where maintaining engagement is crucial. 

6.2 Towards Higher Response Quality 
Secondly, we examined the effect of input modalities on children’s 
response quality in the sleep diary. Results revealed that voice input 
elicited higher-quality responses, with an average improvement 
of 0.54 units compared to text input. While this finding should be 
interpreted cautiously due to the limited sample size, it underscores 
the importance of understanding how input modality influences 
response quality – an area critical for e-health applications. 

Further analysis of response quality patterns over five days iden-
tified two trajectories among the 20 participants. A “U-shaped” 
pattern suggested an initial decline in response quality, likely due 
to fatigue or adjustment challenges [8, 72], followed by recovery 
as children adapted to the task. In contrast, some children exhib-
ited consistent response quality throughout, potentially indicating 
that these children were less affected by the factors causing the 
initial decline in the first group. These patterns highlight the im-
portance of considering individual differences in task engagement 
and adaptation when designing interventions. Understanding these 
patterns can help tailor interventions or task designs to better sup-
port participants, particularly those who may require more time 
to adjust. However, given the short timeframe of study, it is impor-
tant to acknowledge that these patterns might reflect short-term, 
context-dependent fluctuations rather than long-term trends. To 
establish the consistency of these patterns and to better understand 
their underlying factors, additional trials over a longer period are 
necessary. 

Voice input demonstrated its potential for sustaining or enhanc-
ing response quality over time, especially as participants acclimated 

to the modality. Older children benefited the most, showing sig-
nificant improvements with voice input, while their text input re-
sponses declined, possibly due to cognitive fatigue [8, 72]. Younger 
children, although actively engaged, showed smaller gains with 
voice input and relatively stable but lower-quality text responses. 
This suggests that younger children may require additional support 
or tailored approaches to fully leverage the advantages of voice 
input. 

Combining these findings with sustained engagement analysis 
reveals a nuanced interaction between engagement and response 
quality. Younger children were more actively engaged and preferred 
voice input, while older children consistently provided higher-
quality responses, likely influenced by cognitive and developmental 
differences. These results emphasize the potential of voice input to 
improve response quality, particularly in older children, while high-
lighting areas where additional support may help younger children 
sustain high-quality responses in self-reporting tasks. 

6.3 Towards Preferred Input Modalities Over 
Time 

Finally, we explored children’s preferences and attitudes toward 
input modalities in the sleep diary over time. 

The analysis revealed that age significantly influenced input 
modality preferences. Older children consistently preferred text 
input due to its familiarity and perceived ease of use, while younger 
children favored voice input but showed more variability, reflecting 
a context-dependent openness to both modalities. These findings 
challenge assumptions that younger children struggle with complex 
technologies, suggesting that they adapt based on situational fac-
tors. This aligns with previous research indicating that age impacts 
technology use and preference [52], while they also extending this 
understanding by highlighting younger children’s willingness to ex-
plore both voice and text input. Furthermore, diverging preferences 
after Day 3 emphasize the need for adaptable user interfaces that 
cater to age-specific preferences in sustained engagement contexts. 
However, these observations are preliminary due to the study’s 
short duration. 

Children’s attitudes toward input modalities also highlighted 
key insights. Many preferred voice input for its speed and ease, 
though transcription errors caused frustration, underscoring the 
need for improved accuracy. Conversely, children who favored text 
input appreciated its control and reliability, suggesting opportu-
nities to enhance text-based interfaces. A hybrid system allowing 
seamless switching between modalities could address these diverse 
needs, balancing ease of use with precision. Additionally, children 
expressed a desire for more engaging content, such as jokes, emojis, 
and varied question sets, to counteract the monotony of repeated 
prompts. Incorporating gamification and rotating content could 
help maintain long-term motivation and engagement. 

Overall, age strongly shapes input modality preferences, with 
younger children favoring voice for its fun and efficiency, and 
older children preferring text for accuracy. These insights provide 
a foundation for designing multimodal systems that accommodate 
diverse user needs while addressing challenges such as transcription 
errors and content monotony. 
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6.4 Ethical Considerations 
Reflecting on the feedback of the chatbot-based sleep diary, our find-
ings resonate with "agential realism" [5] in the HCI field. This theory 
posits that technologies are increasingly intertwined with human 
experiences, often appearing to exhibit a degree of agency and 
autonomy [83]. As artificial intelligence and interactive technolo-
gies evolve, the boundaries between human and machine agency 
become less distinct [87]. While this integration can enhance user 
experiences, it also raises ethical concerns, particularly for vulnera-
ble populations such as children[54]. 

In our study, the chatbot appeared to act as an agent, potentially 
shaping children’s emotional and social experiences, especially if 
it performed more human-like characteristics. While the chatbot 
may foster positive emotional connections, there is a risk unin-
tended dependency, especially if children begin relying on it for 
emotional support or social interactions in ways that might hin-
der healthy development [55]. Previous studies on co-designing 
chatbot interactions with children offer valuable insights for our 
future work [32, 36, 91]. These studies emphasize the importance of 
careful system design to ensure that the chatbot provides appropri-
ate emotional support while encouraging children to seek real-life 
connections and support from caregivers. Adopting this balanced 
approach can help mitigate risks associated with attachment and 
dependency [37]. 

6.5 Limitations and Future Work 
We acknowledge five limitations in this study. First, the sample size, 
particularly with each age group, may limit the generalizability of 
the results. While the observed patterns are suggestive, a larger and 
more diverse sample could provide a more robust understanding 
of how age influences input modality preferences. Future research 
could benefit from a more nuanced categorization of age or a con-
tinuous approach to better capture age-related changes in modality 
preferences. 

Second, the study was conducted over a relatively short period 
(five days), which may not be sufficient to capture longer-term 
preferences or learning effects that could further influence response 
quality. Future research could explore these factors over a longer 
period and with a more diverse participant pool to better understand 
the dynamics of response quality across different input modalities. 

Third, the variability observed in the younger group’s prefer-
ences may be influenced by unmeasured factors, such as individual 
differences in technology familiarity or specific daily task demands. 
Individual differences in participants’ familiarity with voice or text 
input were not controlled for, which could have affected the results. 
Future studies should aim to control for these variables to better 
isolate the effect of age on input modality choice. Additionally, ex-
ploring other factors, such as task complexity and prior experience 
with technology, could provide deeper insights into how different 
user groups interact with various input modalities. 

Fourth, the study’s focus on only two input modalities (voice 
and text) may not fully capture the range of preferences that could 
emerge with other input options, such as gesture-based. Expanding 
the scope of input modalities in future research could provide a 
more comprehensive understanding of user preferences. 

Fifth, while this study justifies the use of response length as a 
metric for behavioral engagement, it does not account for ease of use 
of input modalities as a potential mediator influencing children’s 
behavioral engagement. Future studies will aim to investigate this 
effect in greater detail. 

Finally, while sleep diaries are a valuable tool, particularly in the 
treatment of insomnia, the feedback obtained from ordinary chil-
dren in this study may raise concerns among specialists regarding 
the reliability and applicability of the data in clinical contexts. The 
preferences and experiences of healthy children may differ slightly 
from those of patients suffering from insomnia, potentially leading 
to different patterns of diary usage and data accuracy. Therefore, it 
is crucial to approach these findings with caution when considering 
their application in therapeutic settings. 

7 Conclusion 
While voice-user interfaces are becoming increasingly popular, 
there is limited evidence on how this modality may support chil-
dren’s sustained self-reporting goals. This study addresses this gap 
by examining the effects of voice and text input modalities on chil-
dren’s sustained engagement and response quality in a sleep diary. 
Our findings suggest that while voice input helps younger chil-
dren maintain engagement over five days, their response quality 
remains significantly lower than that of older children. Additionally, 
the identification of two distinct patterns of children’s response 
quality over five days highlights the importance of considering 
individual differences in task responses over time. Moreover, age 
plays a crucial role in input modality preferences, with older chil-
dren consistently favoring text input, while younger children show 
generally prefer voice input. 

Given the study’s limited sample size and short observation pe-
riod, these findings should be interpreted as preliminary yet unique 
and valuable insights. Nonetheless, they underscore the potential 
benefits of incorporating voice input into traditional text-based 
sleep diaries could better meet the varied needs of children, poten-
tially enhancing both sustained engagement and response quality. 
Further research with larger samples and longer observation peri-
ods is needed to confirm and expand upon these findings. 
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