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Many countries have implemented school closures due to the outbreak of the COVID-19 pandemic, which has inevitably
affected children’s physical and mental health. It is vital for parents to pay special attention to their children’s health sta-
tus during school closures. However, it is difficult for parents to recognize the changes in their children’s health, especially
without visible symptoms, such as psychosocial functioning in mental health. Moreover, healthcare resources and under-
standing of the health and societal impact of COVID-19 are quite limited during the pandemic. Against this background, we
collected real-world datasets from 1,172 children in Hong Kong during four time periods under different pandemic and school
closure conditions from September 2019 to January 2022. Based on these data, we first perform exploratory data analysis to
explore the impact of school closures on six health indicators, including physical activity intensity, physical functioning, self-
rated health, psychosocial functioning, resilience, and connectedness. We further study the correlation between children’s
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contextual characteristics (i.e., demographics, socioeconomic status, electronic device usage patterns, financial satisfaction,
academic performance, sleep pattern, exercise habits, and dietary patterns) and the six health indicators. Subsequently, a
health inference system is designed and developed to infer children’s health status based on their contextual features to
derive the risk factors of the six health indicators. The evaluation and case studies on real-world datasets show that this
health inference system can help parents and authorities better understand key factors correlated with children’s health
status during school closures.

CCS Concepts: • Human-centered computing→ Ubiquitous and mobile computing systems and tools.

Additional Key Words and Phrases: data analysis, school closures, health inference, risk factor analysis

ACM Reference Format:
Zhihan Jiang, Lin Lin, Xinchen Zhang, Jianduo Luan, Running Zhao, Longbiao Chen, James Lam, Ka-Man Yip, Hung-Kwan
So, Wilfred H.S. Wong, Patrick Ip, and Edith C.H. Ngai. 2023. A Data-Driven Context-Aware Health Inference System for
Children during School Closures. Proc. ACM Interact. Mob.Wearable Ubiquitous Technol. 7, 1, Article 18 (March 2023), 27 pages.
https://doi.org/10.1145/3580800

1 INTRODUCTION
It is reported that, since March 2020, more than 90% of schools have experienced temporary closure to slow the
transmission of disease and protect children (5-17 years of age) due to COVID-19 [4]. School closures would
inevitably have an impact on children’s physical and mental health because schools are critical settings for
physical activity and essential sources of mental health services for children [74]. For example, school closures
increase Body Mass Index (BMI) and childhood obesity prevalence [3] and make children irritable and rebellious
[13]. Anxiety, depression, and stress are more prevalent during school closures [68]. Meanwhile, physical and
mental health in childhood may track into the adult [55]. Therefore, it is important for parents to pay special
attention to children during school closures and have a comprehensive understanding of the short-term and
long-term effects of school closures on children’s physical and mental health.

However, in practice, parents often fail to recognize the changes in their children’s health, particularly their
mental health, until visible symptoms appear [60]. Besides, regular professional counseling, which can help
parents keep abreast of their children’s health status, is unaffordable for many families from developing coun-
tries without sound healthcare systems [45]. Moreover, many countries have witnessed shortages of healthcare
resources during the COVID-19 pandemic [13]. Although the development of wearable devices such as smart-
watches makes it feasible to track children’s physical activity, sleep patterns, and many other indices of physical
health [62], they cannot track mental health and are still unaffordable for low-income families [42].

On the other hand, in the literature, researchers have proposed numerous works studying the relationships
between children’s contextual characteristics and their physical and mental health. For example, apart from
school closures, children’s demographics [34], school performance [56], electronic device usage patterns [36],
and economic circumstances [67] have significant impacts on children’s health. Notably, school closures may
have different impacts on children with different contextual characteristics. As studied in [42], children from
low economic groups are more vulnerable to school closures. These contexts of children are easily accessible for
parents, providing us new opportunities to infer children’s health status cost-effectively.

Motivated by the above analysis, this work devotes to building a context-aware health inference system for
children during school closures. First, we collect large-scale acceleration data and children’s contextual data (i.e.,
demographics, socioeconomic status, electronic device usage patterns, financial satisfaction, academic perfor-
mance, sleep patterns, exercise habits, and dietary patterns) using accelerometers and questionnaires from the
children in primary and secondary schools in Hong Kong. We also leverage scales that have been widely used
in clinical trials and population studies worldwide to measure children’s physical and mental health and select
six health indicators. Second, we conduct exploratory data analysis to explore the impacts of school closures on
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the health indicators and the correlation between children’s contextual characteristics and the health indicators.
Third, we build a context-aware health inference system to infer children’s health status and evaluate potential
risk factors based on children’s contextual features. To this end, we have considered the following issues.

• Different school closure types. Due to the different pandemic-control regimes, generally, there are three
types of classes: full-day face-to-face (full-day school opening), half-day face-to-face (half-day school class
along with half-day online class), and full-day online (full-day school closures). To evaluate the influence
of different types of classes, we collect the data during three different learning modes: full-day face-to-face
(L0), half-day face-to-face combined with half-day online (L1), and online (L2), and analyze the data based
on the three learning modes to evaluate the influence of different types of school closures.

• Short-term effects and long-term effects. School closures may have different effects on children in the short
and long terms. Analyzing the data collected just before or after school closures cannot reflect long-term
effects.Therefore, we collected the data during four time periods, i.e., before the outbreak of COVID-19 (T0:
September 2019 - January 2020), full-day school closures due to COVID-19 (T1: March 2020 - April 2020),
half-day school reopening when COVID-19 was under control (T2: October 2020 - November 2020), and
after long-term half-day face-to-face classes (T3: October 2021 - January 2022). By analyzing the differences
among four time periods, we can evaluate the influence of school closures both in the short and long terms.

• Health status measurement. To derive indicators for children’s physical andmental health, we need to select
appropriate measurements. We use accelerometers to measure children’s physical activity intensity and
use PedsQL [72], EQ5D [29], CD-RISC [18], and RSCS [59], which are scales widely used in clinical trials
and population studies worldwide, to measure children’s physical functioning, psychosocial functioning,
self-rated health, resilience, and connectedness. Based on data collected by accelerometers and scales, we
derived six health indicators for children’s physical and mental health, i.e.,MVPA, PHYF, VVAS, PSYF, RESI,
and CONN, and built the system to infer these six indicators based on children’s contextual features. These
six indicators are elaborated in Section 3.

• Risk factors analysis.The relationships between contextual features and health indicators are complicated,
and the importance of different features needs to be further evaluated. To analyze the risk factors for the
indicators, we first divide the indicators into the at-risk and normal statuses and build inference models
to predict the probability of normal status. Then, we use a game-theoretic approach, named SHAP [41],
to choose the most important features with the aim of achieving good inference performance. Finally, we
use SHAP to explain the influence of the contextual features on the predicted probability of at-risk health
based on the simplified optimal models to analyze the risk factors.

Based on the above discussion, the main contributions of this paper are summarized as follows:
• To the best of our knowledge, this is the first data-driven context-aware system to comprehensively infer

children’s health status from the perspectives of physical activity intensity, physical functioning, self-
rated health, psychosocial functioning, resilience, and connectedness, and analyze their risk factors during
school closures. Such a low-cost system can help parents track their children’s health status timely and
provide guidance for authorities to allocate resources cost-effectively.

• Weevaluate the inference performance and conduct case studies based on real-world datasets from children
in primary and secondary schools in Hong Kong during four time periods from September 2019 to January
2022.The results show that the system can achieve an average area under receiver operating characteristic
curve of 0.7881 in the six indicators.

• Following the exploratory analysis, feature importance analysis, and risk factor analysis, the key findings
are as follows:
– If the pandemic situation mitigates, half-day school closures would be a better choice than full-day

school closures. Compared with full-day school closures, half-day school closures have significantly
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Fig. 1. Overview of the framework.

less impact on children’s physical activity intensity and have no significant harm to other indicators,
and even increase secondary school students’ connectedness.

– The adverse impacts of full-day school closures on physical activity intensity are more likely to persist
for female children, while for others, the half-day school reopening improves their physical activity
intensity in the short term. In the long term, only secondary school children’s physical activity intensity
returns to the level before the outbreak of COVID-19.

– Full-day school closures worsen female children’s physical functioning in the short term but improve
their psychosocial functioning in the long term, and improve secondary school students’ self-rated
health in the short term.

– Although children from low-income families face more difficulties during school closures, they tend to
have higher resilience.The negative influence of objective lower financial conditions can be partly offset
by subjective higher financial satisfaction.

– Children’s time spent on electronic devices, whether for gaming or learning, should be limited within
a reasonable range, and parents should also reduce their own time spent on electronic devices. Higher
addiction levels of parents to electronic devices may hinder their children’s physical activity intensity,
physical functioning, psychosocial functioning, and connectedness.

– Good sleep, frequent exercise, and healthy diets are panaceas. They are positively correlated with the
probability of normal health indicators. Since there are parental and peer influences on children’s ex-
ercise habits, parents should play an exemplary role and develop good exercise habits during school
closures.

The remainder of this paper is organized as follows. In Section 2, related works are introduced to reveal the
research gap. Section 3 introduces the processes of data collection and health indicator selection.Then, in Section
4, we conduct exploratory data analysis to understand the impacts of school closures on the indicators and obtain
the correlation between contextual characteristics and health indicators. Subsequently, in Section 5, an inference
system is established and several case studies are conducted. Finally, we discuss the insights, implications, and
limitations of our work in Section 6 and conclude our work in Section 7. The framework of this work is shown
in Fig. 1.

2 RELATED WORK
In this section, we discuss the existing works on mobile health inference, the health impact of school closures,
and the machine learning in healthcare, to explain the research gap.
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2.1 Mobile Health Inference
In recent years, researchers have proposed many interesting works on inferring health status by mobile devices
[33]. For example, Zhang et al. [79] used mobility patterns and demographic data to predict hospital visits. Tong
et al. [69] predicted patients’ fatigue and EQ5D index based on sensing data. Li et al. [37] proposed a deep neural
network to predict self-reported mood, health, and stress based on sensor data. Zhang et al. [80] quantified the
causal effect of urban mobility behaviors on individual health. However, these works require various sensors
to collect data, while in many developing countries, wearable devices are unaffordable for low-income families.
Particularly, during pandemic periods, the mobility patterns of children are quite different from the usual time.
Kao et al. [33] designed amobile health system to predict health conditions based on the health labels provided by
users. However, their system is for adults rather than children. Furthermore, it is worth noticing that healthcare
resources are quite limited during pandemic periods.Therefore, it is important to not only infer children’s health
status but also provide indications on how to improve health. In this work, we build a system to infer children’s
health based on their contextual features which are easily available. It can further assess the risk factors of six
health indicators on an individual level, giving personalized advice on improving children’s health.

2.2 Impacts of School Closures on Children’s Health
School closures have been implemented in many countries to slow down the transmission of the COVID-19 pan-
demic [75]. However, schools are important facilities for educating children and supporting their physical and
social activities, so school closures would inevitably affect children’s physical and mental health [13]. There are
numerous works exploring the impact of school closures on children’s health. For example, in [3], a microsim-
ulation model was given to simulate the trajectory of a kindergarten cohort’s BMI and discovered that school
closures increased BMI and childhood obesity prevalence [3]. Many researchers conducted online surveys and
found that school closures increased anxiety, frustration, and loneliness in children [13]. Also, a cross-sectional
study has been conducted to show preliminary evidence on Long COVID in Children [10]. Although these works
revealed the potential impact of school closures on children’s health, they failed to help parents directly judge
what has changed in their children’s health and had no suggestions on how to offset the negative impact. Ad-
ditionally, most of the studies only considered full-day closures, whereas half-day closures could also be an
important strategy during pandemic periods. In this paper, we provide our insights into the impact of full-day
and half-day school closures on children’s health.

2.3 Machine Learning in Healthcare
Machine learning has been widely employed in healthcare. For example, in [11], depression was detected from
social media based on Random Forest. Kaur et al. [35] predicted diseases based on disease-related attributes
through Support Vector Machine (SVM), Random Forest (RF), and Multilayer Perception. Ishaque et al. [31]
employed various machine learning algorithms to classify stress and relaxation states based on physiological
signals and found that Boosting method achieved good performance and generalization. Similarly, Guo et al. [27]
compared various algorithms, including SVM, RF, Gradient Boosting Decision Tree [76], and XGBoost (XGB)
[15] for classifying teenagers’ physical fitness levels, and XGB outperforms other classifiers. XGB stands out
from other Boosting algorithms due to its high efficiency, low computational cost, and robustness to overfitting
[15, 51]. It requires fewer data for training than deep-learning-based classifiers, especially applicable to the case
that healthcare data is hard to obtain. Furthermore, model interpretability is very important in healthcare [61].
In this work, we compare various algorithms to find the one with the best performance to build the inference
system.
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3 DATA COLLECTION AND DESCRIPTION
In this section, we introduce the participants and the procedures for collecting data, processing data, and se-
lecting health indicators. This study was approved by The Institutional Review Board of the University of Hong
Kong / Hospital Authority Hong Kong West Cluster (IRB number: UW 19-516). Informed written consent was
obtained from the parents of the participants.

3.1 Participants and Data Collection
The participants are students from seven primary schools and nine secondary schools in Hong Kong. Every
participant was given a wristband with accelerometer and advised to wear it during the data collection periods
except in a bath or shower. The brand of the wristband is ActiGraph wGT3X-BT1 which can capture and record
continuous, high-resolution physical activity and raw acceleration data. The accelerometer is very sensitive and
is accurate within +/- 0.5% of the data collected [1].

There are four data collection periods in this study.Thefirst period (T0) is from September 2019 to January 2020,
i.e., before COVID-19, when students attended normal full-day classes. The second period (T1) is from March
2020 to April 2020, when COVID-19 cases increased rapidly in Hong Kong, and the government announced full-
day school closures. The third period (T2) is from October 2020 to November 2020 and from April 2021 to June
2021, when students returned to schools on a half-day basis. The fourth period is from October 2021 to January
2022 (T3), when students had attended half-day classes for more than one year. In total, we have received 1,875
sets of accelerometer data. The mean duration is 13.85 days (standard deviation: 6.94). More detailed information
can be found in Appendix 1.

Participants’ age, gender, height, weight, and body fat percentage were measured and recorded by the re-
searchers when distributing the wristbands. The participants were also asked to fill out a questionnaire, which
has two sections: one for students and one for parents. It is composed of totally 16 parts, including questions
concerning children’s contextual characteristics and widely-used clinical scales measuring children’s physical
and mental health during their data collection periods. The questionnaire can be found in the supplementary
files. We finally received 1,779 valid questionnaires.

3.2 Data Processing
The collected data was sorted into the following three aspects:

• Accelerometer Data. We used ActiLife Software 6.13.4 2 to process the 1,875 sets of acceleration data and
generate acceleration counts 3. Note that although we asked participants to wear the wristband during
the data collection periods except in a bath or shower, they might not strictly follow this requirement.
Therefore, we further select the records of children who wore the wristbands for more than six hours in at
least three days, excluding sleep time [77] out of the data collection periods. Finally, we obtain 1,172 valid
sets of accelerometer data for further analysis.

• Children’s Demographics. We recorded the participants’ grades and measured their age, gender, height,
weight, and body fat percentage (BFP) when distributing the wristbands, and we calculated the BMI using
height and weight.

• Questionnaire Data.The subjective data are collected by the questionnaire (see Supplementary files). Since
some questions in the questionnaire have relatively lower response rates, we finally determine seven types

1https://actigraphcorp.com/actigraph-wgt3x-bt/
2https://actigraphcorp.com/support/software/actilife/
3https://actigraphcorp.my.site.com/support/s/article/What-are-counts
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Table 1. Description of participants’ ages, family income, and parents’ education levels across four data collection periods.

Time All (N=1172) T0 (N=431) T1 (N=107) T2 (N=327) T3 (N=307)

Group F (N=733) M (N=439) F (N=259) M (N=172) F (N=70) M (N=37) F (N=255) M (N=72) F (N=149) M (N=158)

Age 12.40±2.22 12.61±2.19 12.38±2.69 12.29±2.40 11.28±2.54 12.04±2.46 12.21±1.74 11.49±2.44 13.29±1.44 13.61±1.15
Income 6.38±2.14 6.23±2.05 6.17±2.26 5.88±1.96 6.87±1.20 6.22±0.94 6.24±2.20 5.36±1.77 6.75±2.11 7.00 ±2.20
Education 4.15±1.06 3.98± 1.03 3.98±1.12 3.83±1.02 4.37±0.57 3.89±0.35 4.13±1.07 3.64±0.83 4.31±1.07 4.31±1.13

Group P (N=521) S (N=651) P (N=243) S (N=188) P (N=75) S (N=32) P (N=152) S (N=175) P (N=51) S (N=256)

Age 10.48±1.30 14.08±1.30 10.32±1.20 14.96±1.09 10.00±0.94 15.16±0.67 10.65±1.58 13.27±1.28 11.45±0.36 13.86±1.03
Income 6.35±2.17 6.30±2.06 6.30±2.33 5.75±1.85 6.76±1.29 6.37±0.69 6.02±2.16 6.07±2.14 6.97±2.32 6.87±2.13
Education 4.18±1.10 3.99±1.00 4.13±1.21 3.64±0.83 4.30±0.58 3.97±0.41 4.15±1.13 3.91±0.95 4.27±1.07 4.31±1.10

The results are reported in the format of M ± SD (N ), where M and SD are the mean and standard deviation of age. N is the number of participants. The family income is described
by ten levels (1: < 4000, 2: [4000,7999], 3: [8000,11999], 4: [12000,15999], 5: [16000,19999], 6: [20000,29999], 7: [30000,39999], 8: [40000,49999], 9: [50000,79999], 10: ≥ 80000, in HKD).
Education represents the parents’ education level (the average of father and mother for each family), described by seven levels (1: no formal education, 2: primary school, 3: junior high

school, 4: senior high school, 5: higher certificate/diploma, associate, 6: bachelor, 7: postgraduate).

of contextual characteristics with response rates greater than 70% from the questionnaires, namely, so-
cioeconomic status4, electronic device usage patterns, financial satisfaction, academic performance, sleep
patterns, exercise habits, and dietary patterns. Besides, some widely used clinical scales are also included
to measure children’s health status (detailed in Section 3.3).

Finally, we select 1,172 participants whose acceleration data, demographics, and questionnaire data are all
valid. Their ages range from 6 to 18 (M = 12.48, SD = 2.21). These participants are divided into different
independent groups, respectively according to the three learning modes: full-day face-to-face classes (L0), half-
day face-to-face classes (L1), and full-day online classes (L2), and four data collection periods: before the outbreak
of COVID-19 (T0), full-day school closures due to COVID-19 (T1), half-day school reopening when COVID-19
was under control (T2), and after long-term half-day classes (T3). The descriptions of the ages, family income,
and parents’ education levels of participants regarding different data collection periods are shown in Table 1.

3.3 Health Indicators Selection
To profile children’s physical and mental health, we derived six indicators based on the accelerometer data and
the scales widely used in clinical trials and population studies worldwide, detailed as follows. The Cronbach’s α
[8] is used to measure the reliability of the scales.

• Physical activity intensity (PAI). Physical activity can be classified into three categories according to the
intensity, i.e., light intensity activity (e.g., light walking), moderate intensity activity (e.g., biking on level
ground), and vigorous intensity activity (e.g., jogging). Specifically, frequent moderate-to-vigorous inten-
sity physical activity (MVPA) has great benefits on children’s health [5], and it is also an important in-
dication for children’s health [28]. For example, the World Health Organization (WHO) recommended
that children aged 5-17 years should do at least an average of 60 minutes per day of MVPA [52]. Besides,
sedentary behavior (SB), which is a sitting or reclining posture requiring very low energy expenditure
[22], impairs children’s health. In this work, PAI is described by the daily average time for SB and MVPA,
which are estimated by acceleration counts. By comparing the results using different cut-points with the
recorded physical activity intensity in PE classes, we finally choose the most consistent ones, which are
proposed by Mattocks et al. [44] (detailed in Appendix 2). It should be noted that although we use the
wristbands and Mattocks et al. [44]’s cut points are hip-worn based, the ActiGraph automatically scales

4Socioeconomic status describes the individual position on a social-economic scale that measures factors such as education, income, and
type of occupation [40]. In this work, we measure the family income levels, education levels, employment types, and occupation types to
describe the family socioeconomic status of children.
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the wrist counts [2]. These cut-points are utilized to infer the participants’ average daily time of SB and
MVPA.

• Physical functioning (PHYF). Physical functioning describes the ability to perform basic and instrumental
activities in daily life [26]. In this paper, children’s physical functioning is measured by the mean score
of the Physical Functioning Scale in PedsQL measurement model [72], whose range is [0,4]. A higher
score means worse physical functioning. PedsQL provides a modular approach to measure health-related
quality of life (HRQOL). It consists of four scales, i.e., physical functioning, emotional functioning, social
functioning, and school functioning, answered by children. The Cronbach’s α of the four data collection
periods (T0-T3) is 0.840, 0.816, 0.795, and 0.813, respectively.

• Self-rated health (VVAS). The self-rated health is a visual analogue scale from EQ5D [29]. EQ5D is an
instrument that evaluates the generic quality of life. It has been widely used to rate respondents’ health
from five dimensions, i.e., mobility, self-care, usual activities, pain/discomfort, anxiety/depression, and
self-rated health, answered by children (a higher score indicates worse health status). VVAS is recorded
on a vertical visual analogue scale, where the endpoints are labelled ‘The best health you can imagine’
and ‘The worst health you can imagine’ 5. It is an important index of future morbidity and mortality [32].
It is used as a quantitative measure of the health status from children’s subjective point of view, whose
range is [0,100]. A higher score means better self-evaluated health status. To validate the reliability of
the VVAS score from EQ5D, we first get the score in five dimensions from EQ5D (i.e., mobility, self-care,
usual activities, pain/discomfort, and anxiety/depression), and then measure the criterion-related validity
[12] between the five-dimension score and the VVAS score. The results of Spearman’s rank correlation
analysis between the five-dimension score and VVAS score of T0-T3 are -0.402, -0.466, -0.397, and -0.385,
respectively, with p-value < 0.001. Since a higher five-dimension score indicates worse health, we can find
that the VVAS scores are positively correlated with the participants’ health status, showing the reliability
of VVAS.

• Psychosocial functioning (PSYF). Psychosocial functioning is the ability to perform daily activities and
engage in relationships with others while gratifying others [46]. In this paper, children’s psychosocial
functioning is measured by emotional functioning, social functioning, and school functioning in PedsQL
measurement model, whose range is [0,4]. A higher score means a worse PSYF. The Cronbach’s α of the
four data collection periods (T0-T3) are 0.890, 0.910, 0.875, and 0.895, respectively.

• Resilience (RESI). Resilience is the ability to withstand adversity and overcome difficulties in life [43]. In
this paper, we use the Connor-Davidson Resilience Scale (CD-RISC) [18], which is a 25-item scale and
has often been employed to measure children’s resilience. The range is [25,125]. A higher score means a
higher RESI. The Cronbach’s α of the four data collection periods (T0-T3) are 0.955, 0.965, 0.954, and 0.948,
respectively.

• Connectedness (CONN). Connectedness measures the children’s connection and relationship with others,
especially their families and teachers. In this paper, we use the Resnick Social Connectedness Scale (RSCS)
[59] to evaluate children’s connectedness. RSCS is often tested to explore the connectedness between
children and their parents/teachers. CONN score is the mean score of the 17 items from RSCS. The range
of the score is [1,5]. A higher score means a higher CONN. The Cronbach’s α of the four data collection
periods (T0-T3) are 0.954, 0.956, 0.946, and 0.952, respectively.

4 EXPLORATORY DATA ANALYSIS
After collecting heterogeneous data and deriving the six essential health indicators, in this section, we perform
exploratory data analysis to answer two questions:

5https://euroqol.org/eq-5d-instruments/eq-5d-5l-about/
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(1) How do the six health indicators change across different learning modes (L0-L2) and different data collec-
tion periods (T0-T3)? In other words, what are the impacts of school closures on the six indicators?

(2) What is the correlation between contextual features (including demographics, socioeconomic status, elec-
tronic device usage patterns, financial satisfaction, academic performance, sleep pattern, exercise habits,
and dietary patterns) and the six indicators?

To answer these questions, we leverage the following statistical analysis methods in this section:
• Kruskal-Wallis H test is a non-parametric method to test the statistically significant differences on a con-

tinuous or ordinal dependent variable between more than two independent groups [54]. In this work, we
conduct Kruskal-Wallis H tests to find the significant differences on the health indicators between dif-
ferent learning modes, data collection periods, parents’ occupation types, employment types, and marital
status.

• Spearman’s rank correlation coefficient (ρ) measures the strength and direction of association between two
variables measured on an ordinal, interval, or ratio scale [78]. Since we have a large sample size, we follow
the guideline of [64] that |ρ | < 0.1 indicates a negligible correlation, and 0.1 ≤ |ρ | < 0.4 indicates a weak
correlation.

• Mann-Whitney U test is used to test the statistically significant differences on a continuous or ordinal
dependent variable between two independent groups [48]. In this work, we conduct Mann-Whitney U
tests to find the significant differences on the health indicators between female and male children and
between primary and secondary school students.

All tests were two-sided, where p-value < 0.05 indicates the statistical significance. Specifically, for Kruskal-
Wallis H tests, the reported p-values have been adjusted by the Bonferroni correction for multiple comparisons.

4.1 Impacts of School Closures on Health Indicators
We conduct the Kruskal-Wallis H test to determine whether there are statistically significant differences in the
time for different PAI (SB andMVPA), the scores of PHYF,VVAS, PSYF, RESI, andCONN between different learning
modes (L0-L2) and different data collection periods (T0-T3). The participants’ average time of SB and MVPA
(minutes/day), scores of PHYF, VVAS, PSYF, RESI, and CONN in regard to different learning modes and data
collection periods can be found in Appendix 3.

The results are shown in Table 2, where p-value < 0.05 indicates the statistical significance, and all statisti-
cal tests were two-sided. All reported p-values have been adjusted by the Bonferroni correction for multiple
tests. The pairwise comparisons between learning modes and between data collection periods and their detailed
analysis can be found in Appendix 4. Generally, we find that school closures have no significant influence on
children’s RESI but significantly influence children’s PAI, PHYF, VVAS, PSYF, and CONN.

More specifically, MVPA is the most influenced indicator. Considering learning modes, school closures, no
matter half-day (L1) or full-day (L2), significantly increase children’s sedentary behavior (p < 0.001) and de-
crease their MVPA (p < 0.001) compared with full-day school opening (L0), but the influence of half-day school
closures is significantly less than the full-day (p < 0.001,= 0.003). Considering data collection periods, chil-
dren’s MVPA significantly decreases while SB significantly increases after the full-day school closures (T0→T1,
p < 0.001). When schools reopen on a half-day basis (T1→T2), the MVPA and SB of children except females
return to the level before COVID-19. However, in the long term, the MVPA and SB of children, except for sec-
ondary school students, fail to return to the level before COVID-19. Based on the above analysis, we can find that
the trends ofMVPA and SB are generally opposite. Therefore, we useMVPA to represent the PAI in the following
analysis.

As for other indicators, full-day school closures significantly worsen female children’s PHYF (p = 0.002), but
it can be improved after the school reopening (T1→T2, p = 0.035). The VVAS of the secondary school students

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 7, No. 1, Article 18. Publication date: March 2023.



18:10 • Jiang et al.

Table 2. Results of Kruskal-Wallis H tests for different groups. All significant results are marked in bold.

Group Indicator Mean Rank Score X2(2) p-value Mean Rank Score X2(3) p-valueL0 L1 L2 T0 T1 T2 T3

All

SB 490.19 620.19 774.80 74.298 <0.001 490.19 774.80 558.72 685.67 96.575 <0.001
MVPA 683.39 547.09 429.76 66.862 <0.001 683.39 429.76 591.12 500.19 78.289 <0.001
PHYF 591.00 558.12 500.81 6.517 0.038 591.00 500.81 554.89 561.56 6.583 0.086
VVAS 537.14 527.13 552.42 0.578 0.749 537.14 552.42 543.08 510.97 2.239 0.524
PSYF 586.82 563.06 480.22 8.103 0.017 586.82 480.22 568.07 557.71 8.261 0.041
RESI 487.93 535.23 508.65 5.758 0.056 487.93 508.65 521.35 548.51 6.985 0.072
CONN 533.32 571.15 538.64 3.673 0.159 533.32 538.64 579.04 562.89 4.060 0.255

Female

SB 294.76 398.96 449.8 50.055 <0.001 294.76 449.80 363.03 460.46 69.964 <0.001
MVPA 422.21 340.35 316.52 27.988 <0.001 422.21 316.52 359.09 308.28 33.403 <0.001
PHYF 372.57 358.54 266.65 12.771 0.002 372.57 266.65 348.82 375.22 14.328 0.002
VVAS 338.56 331.91 352.69 0.507 0.776 338.56 352.69 342.15 314.91 2.342 0.505
PSYF 376.01 353.47 281.13 10.180 0.006 376.01 281.13 355.81 349.47 10.27 0.016
RESI 314.42 335.71 337.00 1.893 0.388 314.42 337.00 334.68 337.38 1.912 0.591
CONN 340.51 362.03 312.56 3.803 0.149 340.51 312.56 364.07 358.64 3.870 0.276

Male

SB 196.06 220.51 328.11 32.994 <0.001 196.06 328.11 165.47 245.60 52.725 <0.001
MVPA 259.30 207.66 114.01 44.496 <0.001 259.30 114.01 258.53 184.48 61.342 <0.001
PHYF 219.59 198.98 236.00 4.474 0.107 219.59 236.00 192.82 201.70 2.731 0.193
VVAS 199.30 195.83 200.02 0.100 0.951 199.30 200.02 207.71 191.22 1.003 0.801
PSYF 212.03 210.02 200.10 0.273 0.872 212.03 200.10 211.32 209.45 0.285 0.963
RESI 174.55 200.16 173.43 5.250 0.072 174.55 173.43 185.35 205.17 6.543 0.088
CONN 193.48 209.68 224.21 2.771 0.250 193.48 224.21 215.09 207.36 2.964 0.397

Primary

SB 222.76 270.89 358.13 47.772 <0.001 222.76 358.13 242.04 356.88 69.996 <0.001
MVPA 298.66 243.17 187.22 36.069 <0.001 298.66 187.22 269.14 165.78 54.069 <0.001
PHYF 262.92 237.72 231.46 4.454 0.108 262.92 231.46 246.96 210.93 6.877 0.076
VVAS 228.42 216.29 191.77 3.480 0.175 228.42 191.77 212.22 226.56 3.957 0.266
PSYF 251.44 248.90 233.82 0.809 0.667 251.44 233.82 266.30 198.41 9.369 0.025
RESI 194.56 208.80 190.76 1.699 0.428 194.56 190.76 194.46 241.15 7.492 0.058
CONN 246.95 239.26 212.85 2.981 0.225 246.95 212.85 231.43 260.27 4.606 0.203

Secondary

SB 299.48 320.68 553.50 50.907 <0.001 299.48 553.50 322.77 319.24 50.944 <0.001
MVPA 355.99 329.35 104.63 49.255 <0.001 355.99 104.63 318.51 336.77 50.235 <0.001
PHYF 340.70 309.71 276.63 4.970 0.083 340.70 276.63 308.78 310.35 4.978 0.173
VVAS 280.39 323.62 383.90 11.105 0.004 280.39 383.90 329.25 319.67 11.394 0.010
PSYF 358.37 303.35 252.98 14.752 0.001 358.37 252.98 303.27 303.41 14.752 0.002
RESI 289.47 327.87 337.63 5.987 0.050 289.47 337.63 328.77 327.24 5.995 0.112
CONN 247.79 346.85 288.31 38.556 <0.001 247.79 288.31 347.69 346.25 38.563 <0.001

significantly improved after the full-day school closures. Female children’s PSYF significantly improved after the
outbreak of COVID-19 (p = 0.049). School closures have no significant influence on children’s RESI. Full-day
school closures have no significant influence on children’s CONN (T0→T1). In contrast, when it turns to a half-
day basis (T2), the secondary school students’ CONN is improved (T0→T2, p < 0.001). This effect lasts after
long-term half-day face-to-face classes.

4.2 Correlation between Contextual Features and Health Indicators
We conduct statistical analysis to reveal the correlation between contextual features and health indicators. De-
tailed analysis can be found in Appendix 5. The key findings are elaborated as follows:

• MVPA. Female children have significantly lessMVPA thanmale children (U = 145688,p = 0.007). Besides,
secondary school students have significantly less MVPA than primary ones (U = 98028, p < 0.001).
Older children tend to have less MVPA (Spearman’s |ρ | > 0.3, p < 0.05). Besides, children with higher
BMI, higher BFP, lower educated parents, more time spent on electronic devices, worse sleep patterns and
exercise patterns tend to have less MVPA (|ρ | > 0.1, 0.2, p ≤ 0.001).
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• PHYF. Female children have significantly worse PHYF thanmales (U = 136556,p = 0.019), and secondary
school students have significantly worse PHYF than primary school students (U = 179852,p < 0.001).
Older children tend to have worse PHYF (|ρ | > 0.1, p < 0.001). Besides, children with higher BFP, worse
sleep patterns, exercise patterns, and dietary habits tend to have worse PHYF (|ρ | > 0.1, 0.2, p < 0.001).

• VVAS. Secondary school students have significantly worse VVAS than primary school students (U =
99527.5, p < 0.001). Older children tend to have worse VVAS (|ρ | > 0.2, p < 0.001). Besides, children
with lower BMI and BFP, less time on electronic games, better sleep patterns, exercise patterns, and di-
etary habits tend to have better VVAS (|ρ | > 0.1, 0.2, p < 0.001). Besides, the VVAS of children is also
significantly associated with mothers’ occupation types (p = 0.047)

• PSYF. Secondary school students have significantlyworse PSYF than primary school students (U = 189605.5,
p < 0.001). Older children tend to have worse PSYF (|ρ | > 0.1, p < 0.001). Besides, children with lower
BFP, less time spent playing electronic games, better academic performance, better sleep patterns, and bet-
ter dietary habits tend to have better PSYF (|ρ | > 0.1, 0.3, p < 0.001). Specifically, children whose parents
are married and living together have significantly better PSYF (p = 0.035).

• RESI. Children with higher educated parents, more time spent watching TV on weekdays, higher financial
satisfaction, better academic performance and interest, better sleep patterns, better exercise patterns, and
better dietary habits tend to have better RESI (|ρ | > 0.1, 0.2,p < 0.05). Childrenwhose fathers are full-time
employed and whose parents are married and living together have significantly better RESI (p = 0.026).

• CONN. Secondary school students have significantly worse CONN than primary ones (U = 105339.5, p <
0.001). Besides, children with lower BMI, higher educated parents, higher family income levels, less time
spent playing electronic games, higher financial satisfaction and interests in major courses, better sleep
patterns, better exercise patterns, and better dietary habits tend to have better CONN (|ρ | > 0.1, 0.2, 0.3,
p < 0.001). Specifically, children whose fathers are full-time employed and whose parents are married
and living together have significantly better CONN (p = 0.001). Specifically, the CONN of children is also
significantly associated with mothers’ and fathers’ occupation types (p = 0.015, < 0.001).

5 CONTEXT-AWARE HEALTH INFERENCE SYSTEM
Motivated by the exploratory data analysis, we build a context-aware health inference system to bridge the
contextual features (including school closures) and the health indicators with machine learning models to infer
children’s physical and mental health. By explaining the model, we analyze the feature importance to reduce the
model complexity and assess the risk factors. We first introduce the input features and health profiling. Second,
we compare different machine learning algorithms and select the one with the best performance to build the
system. Then, we analyze the feature importance and prune the model by removing the redundant features.
Finally, we present the risk factor analysis and case studies.

5.1 Contextual Feature Description
Based on the above analysis, we derive the contextual features from the perspectives of children’s demographic,
socioeconomic status, electronic device usage patterns, financial satisfaction, academic performance, sleep pat-
terns, exercise habits, and dietary patterns. Specifically, we use one-hot encoding to process the categorical
features, such as gender, school type, and parents’ employment and occupation types. Finally, we obtain the
initial features, detailed in Table 3.

5.2 Health Profiling
We use the six indicators to profile children’s physical and mental health. Each indicator is divided into two
statuses, i.e., at-risk and normal. ForMVPA, according to theWHOguideline [52], if the average time ofMVPA per
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Table 3. Description of the initial input contextual features and corresponding labels.

Category Contextual Feature Labels and Description

Children’s demographic Age: the child’s age, Gender: F : female, Gender: M: male, BMI : body mass index, BFP : body fat percentage,
Grade year: the child’s grade year, Grade: P : primary school, Grade: S: secondary school

Socioeconomic status Edu. (*): parents’ education levels, Income: family income level,
Father: * is ‘Fa’ Empl. (*): PT/FT/U : parents’ employment types (part-time, full-time, or unemployed),
Mother: * is ‘Mo’ Occ. (*): ME/P/AP/CSW/SSW/SAFW/CRW/PMOA/EO/SAH/Others: parents’ occupation types†

MS: married and living together,MS: divorced/separated,MS: cohabit: parents’ marital status

Electronic device T (TV/G/L/S, **): children’s time spent watching TV (TV), playing game (G), online learning (L),
usage patterns and surfing the Internet (S) in weekdays and weekends,
Weekdays: ** is ‘WD’ Addi. (C/P): parents’ addiction levels to electronic devices from the perspectives of children and parents,
Weekends: ** is ‘WE’ Restriction: parents’ restriction levels on children’s use of electronic devices,

Comm. (ED): communication between parents and children interrupted by electronic devices

Financial satisfaction Fin. Sat. (P/C/F): financial satisfaction from the perspectives of parents, children, and the whole family

Academic performance Int. (C/E/M): the child’s interest in the three major courses, Chinese, English, and Mathematics
Per. (C/E/M): the child’s performance in the three major courses, Chinese, English, and Mathematics

Sleep patterns SQ: sleep quality, SP : sleep problem, SR: sleep regularity, Sat. (sleep): sleep satisfaction,
SD (WD/WE): sleep duration on weekdays and weekends, T (bed, awake): time spent on bed before falling asleep,
Obs. (sleep): obstruction levels caused by sleep problem, Nap duration: nap duration

Exercise habits Exer. Habit (F/R): proportions of friends and family with exercise habits,
Frequent: † is ‘F ’ Exer. (†): numbers of frequent and preferred exercise,
Preferred: † is ‘P’ Loc. (†, Exer.): numbers of frequent and preferred exercise locations,

T (†, Exer.): numbers of frequent and preferred exercise time, R (M/F, Exer.): reasons for more and less exercise

Dietary patterns Unhealthy/Healthy Diet: Unhealthy and healthy diet habits

Learning mode and time L0/L1/L2: different learning modes, T0/T1/T2/T3: different data collection periods
†: There are 11 occupation types, detailed in the supplementary questionnaires.

day is less than 60minutes, it is at-risk status; otherwise, it is at normal status. Besides, physical and psychosocial
functioning is at-risk if the scores are higher than 1 SD above the mean of the total participants [71], while VVAS,
RESI, and CONN are at-risk if their scores are lower than 1 SD below the mean of the total participants.

5.3 Inference Model Selection
The pipeline of the inference model selection is shown in Fig. 2. We train classifiers to infer probabilities of at-
risk status for the six indicators based on the contextual features. To select the models with best performance,
1,172 participants are divided into a training set (80%) and a test set (20%). The following algorithms are used to
train the classifiers.

• Logistic Regression (LR) [47] uses a logistic function to model the probabilities of two possible classes.
• Random Forest (RF) [30] is a machine learning algorithm for classification and regression by constructing

plenty of decision trees at training time.
• AdaBoost (AB) [63], short forAdaptive Boosting, refers to a specific approach of training a boosted classifier,

using an ensemble of decision trees to predict the target label.
• Support Vector Machine (SVM) [19] is a supervised learning algorithm, which builds a model and make it

be a non-probabilistic binary linear classifier by assigning new examples to one category.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 7, No. 1, Article 18. Publication date: March 2023.



A Data-Driven Context-Aware Health Inference System for Children during School Closures • 18:13

Fig. 2. Inference model selection pipeline and the health inference system.

• Gradient Boosting Decision Tree (GBDT) [76] is an iterative decision tree algorithm, by combining several
weak learners, that is, individual decision trees, to come up with one strong learner.

• Multilayer Perception (MLP) [50] is an artificial neural network consisting of an input layer, an output layer,
and one or more hidden layers. Backpropagation is used for training.

• XGBoost (XGB) [15] is an ensemble machine learning algorithm based on gradient boosted decision trees,
where decision trees are established in sequential form.

Since some initial features are correlated with each other. We conducted principal components analysis (PCA)
on the features for those methods that would be influenced by multicollinearity [14, 58], such as LR. Specifically,
although MLP does not suffer from multicollinearity, we also conducted PCA to speed up its convergence. The
correlated features would influence RF when interpreting the data since it would randomly use the correlated
features, so we also conducted PCA for RF. The explained variance in PCA is set to 95%. For other decision-tree-
based (including boosted trees) methods, such as AB, GBDT, and XGB, they are very robust to the correlated
features [14, 58], so we directly input the initial features.

We select the parameters achieving the best performance for each model. The parameters are determined
by grid search and validated through five-fold cross-validation [6] on the training set. Then, we compare the
performance of the models on the test set. We use the area under receiver operating characteristics (ROC) curves
(AUC) [9] as the evaluation metrics. The results are shown in Fig. 3.

We can find that XGBoost achieves the best performance on MVPA (AUC = 0.7750), PHYF (AUC = 0.7159),
VVAS (AUC = 0.7766), RESI (AUC = 0.8510), and CONN (AUC = 0.7926). RF outperforms XGBoost on
PSYF (AUCXGB = 0.7921, AUCRF = 0.7957), but there is no big difference. XGboost requires fewer data for
training and has good interpretability compared with deep-learning-basedmethods [39]. It stands out from other
algorithms due to its high efficiency, low computational cost, good performance, and generalization [15, 51].

Considering that the positive (normal) and negative (at-risk) samples are quite imbalanced (most of the chil-
dren are with normal health status), we select the optimal thresholds based on the G-mean according to the
ROC curves. G-mean is the geometric mean of sensitivity and specificity, which is one of the unbiased evalu-
ation metrics for imbalanced classification. G −mean =

√
(True Positive Rate) × (1 − False Positive Rate). The

thresholds that maximize the G-mean value are selected, which are 0.601, 0.716, 0.766, 0.847, 0.790, and 0.775
for MVPA, PHYF, VVAS, PSYF, RESI, and CONN, respectively. Also, instead of directly presenting whether the
children are in normal health status or at-risk status, the system presents the probabilities. A lower probability
of normal status (a higher probability of at-risk status) indicates a higher probability of the child suffering from
the health issues. The probability value is for reference rather than a certain diagnosis. Therefore, the higher the
probability of at-risk status, the higher confidence we would have in the child suffering the issue.
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(a) MVPA (b) PHYF (c) VVAS

(d) PSYF (e) RESI (f) CONN

Fig. 3. ROC curves and AUC of the seven algorithms on the six indicators.

5.4 Feature Importance Analysis
We further prune the model by removing the less important features for each indicator. First, we use SHAP,
which is a game theoretic approach to obtain the importance values for each feature [41]. Then, we rank the
features according to their importance values. Initially, there were 91 features. For each indicator, we iteratively
select the top 1, top 2, …, and top 91 most important features and evaluate the inference performance until
achieving close or even better performance compared with using the original 91 features.

Fig. 4 shows the summary of SHAP values of the top 25 most important features for the six indicators, and
the summary of SHAP values for all 91 features can be found in Appendix 6. The selected important features
for each indicator are detailed in Appendix 7. More specifically, forMVPA, its top 22 features achieve an AUC of
0.7826 (AUCall = 0.7750. For PHYF, its top 61 features achieve an AUC of 0.7238 (AUCall = 0.7159). For VVAS,
its top 42 features achieve an AUC of 0.7787 (AUCall = 0.7766). For PSYF, its top 58 features achieve an AUC of
0.7909 (AUCall = 0.7921). For RESI, its top 32 features achieve an AUC of 0.8603 (AUCall = 0.8510). For CONN,
its top 55 features achieve an AUC of 0.7926 (AUCall = 0.7926).
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(a) MVPA (b) PHYF (c) VVAS

(d) PSYF (e) RESI (f) CONN

Fig. 4. Top 25 most important features for each indicator. Red color means higher feature values and blue means lower
feature values. Lower SHAP values mean higher risks. The description of labels can be found in Table 3
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5.5 Risk Factor Analysis
Based on the summary plot of SHAP values, we can identify the general correlation between contextual features
and the predicted probability of at-risk status. By figuring out the factors correlated to the high predicted prob-
ability of at-risk health status, potential risk factors of the health indicators can be identified. We elaborate on
the risk factor analysis for the health indicators as follows.

5.5.1 MVPA. As shown in Fig. 4a, generally, an increase in age, BFP, addiction levels to electronic devices of
parents, children’s time on electronic devices for learning and gaming on weekdays, interest in Math, and worse
sleep quality (a higher score means worse sleep quality) increases the predicted probability of at-risk status.
A decrease in BMI, time on watching TV on weekdays, number of frequent and preferred time periods for
exercise, number of preferred exercises, and sleeping satisfaction also increases the predicted probability of
at-risk status. When it is online learning (L2), and the father is a skilled agricultural and fishery worker, the
predicted probability of at-risk status increases. When the child is a primary school student, the learning mode
is full-day face-to-face (L0), and the father has higher education levels, the predicted probability of normal status
increases.

5.5.2 PHYF. As shown in Fig. 4b, the predicted probability of at-risk status generally increases with worsen-
ing sleep quality and sleep problem (higher scores), higher levels of obstruction caused by sleep problem, more
unhealthy diet habits (lower scores), increasing body fat percentage, increasing parents’ addiction levels to elec-
tronic devices, and more time spent on electronic devices. Lower proportions of friends with exercise habits
would also increase the predicted probability of at-risk status. When the parent is part-time employed, the learn-
ing mode is full-day online or full-day face-to-face, and the parent’s occupation is service and sales worker or
craft and related worker, the predicted probability of at-risk status usually would increase.

5.5.3 VVAS. As shown in Fig. 4c, the monotonic relationships between features and the predicted probability of
at-risk VVAS are not obvious. But younger children tend to increase the predicted probability of at-risk VVAS, and
more time spent on electronic devices for gaming but less time on weekends decreases the predicted probability
of at-risk status. Healthier diet patterns (lower healthy diet scores and higher unhealthy diet scores), longer
sleep duration on weekends, more exercise, higher family income levels, and higher interest in Math, English,
and Chinese increase the predicted probability of normal status. Besides, when the learning mode is online
learning (L2), and the mother is part-time employed, the possibility of at-risk status increases. When the mother
is unemployed, and the time is T3 (after long-term half-day face-to-face classes), the predicted probability of
at-risk status decreases.

5.5.4 PSYF. As shown in Fig. 4d, generally, worse sleep patterns (worse sleep quality and problem, more time
spent on bed before falling asleep, and less sleep regularity), higher addiction levels to electronic devices of
parents from the perspective of children, more communication between parents and children interrupted by
electronic devices, more time spent playing electronic games, lower performance and interest in Math, Chinese,
and English, more unhealthy diet habits, less healthy diet habits, higher body fat percentage, lower BMI, and
younger age increase the predicted probability of at-risk status. Higher income levels increase the probability
of normal status. Also, if the mother is part-time employed and the occupation type is service and sales worker,
or the father is stay-at-home, and the child’s gender is female, the predicted probability of at-risk status would
increase. If parents are married and living together, the occupation type of the mother is stay-at-home, the time
is T3, and the learning mode is L1, the predicted probability of normal status would increase.

5.5.5 RESI. As shown in Fig. 4e, children with older age, higher BMI, and lower BFP tend to decrease the pre-
dicted probability of at-risk RESI. The predicted probability of at-risk status decreases with increasing addiction
levels of parents from the perspective of children, increasing time spent watching TV, decreasing time spent
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(a)MVPA (Probability of at-risk status = 0.86)

(b) CONN (Probability of at-risk status = 0.72)

Fig. 5. Risk factor analysis for a 15-year-old boy whose MVPA and CONN are at-risk status.

playing electronic games and surfing the Internet on weekends, decreasing communication between parents
and children interrupted by electronic devices, increasing sleep quality, lower obstruction levels caused by sleep
problem, fewer unhealthy diet habits, more frequent and preferred time periods for exercise, more frequent lo-
cations for exercise, lower family income levels, better academic performance, and higher education levels of
fathers. Besides, if the father is employed part-time, the predicted probability of at-risk status usually increases.

5.5.6 CONN. As shown in Fig. 4f, the predicted probability of at-risk CONN increases with worse sleep quality
and problem (higher scores), less sleep regularity (lower scores), higher levels of obstruction caused by sleep
problem, older age, lower BFP, more communication between parents and children interrupted by electronic
devices, more time spent on electronic devices for gaming, learning, surfing, and watching TV on weekdays,
higher parents’ addiction levels, lower restriction levels on children’s using electronic devices, lower family
income, lower education levels of fathers, lower financial satisfaction, and worse performance in Chinese and
English. Besides, when the mother’s occupation type is skilled agricultural and fishery workers or professionals,
the father’s occupation type is skilled agricultural and fishery workers or craft and related workers, and the
parents are not married or living together, the predicted probability of at-risk status increases. When the time is
T2 or T3 (half-day school reopening after COVID-19), the predicted probability of at-risk status decreases.

5.6 Case Studies
Wepresent three cases to illustrate the effectiveness of the system. For each indicator, the predicted probability of
normal status is presented, and a lower probability of normal status means a higher probability of at-risk status.
The risk factors increasing the predicted probability of at-risk status are in green, while the factors contributing
to the predicted probability of normal status are in red. The factors closer to the central point (the probability
value) are more important.

5.6.1 Case 1: A 15-Year-Old Boy with At-Risk MVPA and CONN. Fig. 5 shows the risk factors of a child (15.32-
year-old boy) whose MVPA and CONN are at-risk status.

Fig. 5a shows that the probability of normal MVPA is 0.14, meaning that the child has a high probability of
at-risk MVPA. The most important risk factor is L2 = 1 (online learning mode), meaning that full-day online
learning mode significantly increases the probability of at-risk MVPA. Also, the child is a secondary school
student; more academic pressure may decrease the time for physical activity. As for the exercise habits, the child
has no frequent or preferred exercise and no preferred time period for exercise. Another important risk factor
is his electronic usage patterns. The child spent 360 minutes per day playing electronic games on weekdays,
and parents have fewer restrictions on the child’s use of electronic devices (Restriction=5, in the least quarter).
Addiction (C) = 19 means that the interaction between parents and the child is frequently interrupted by parents’
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(a) MVPA (Probability of at-risk status = 0.73)

(b) PHYF (Probability of at-risk status = 0.41)

(c) PSYF (Probability of at-risk status = 0.60)

(d) RESI (Probability of at-risk status = 0.66)

Fig. 6. Risk factor analysis for a 13-year-old girl whose MVPA, PHYF, PSYF, and RESI are at-risk status.

using electronic devices (the average value is 9.89, and a higher value means more frequent), which increases
the probability of at-risk MVPA. Besides, the father’s education level is junior high school, which is relatively
low and increases the probability of at-risk MVPA. Therefore, to help the boy reduce the probability of at-risk
MVPA, he may consider doing more exercise. Both the child and parents should spend less time on electronic
devices, which is also consistent with our common sense.

Fig. 5b shows that the probability of normal CONN is 0.28, which means the child has a relatively high prob-
ability of at-risk CONN. Bad exercise habits are also important risk factors for CONN. Besides, serious sleep
problem (SP = 1.667, in the worst quarter) increases the probability of at-risk CONN, but the child has high
sleep regularity (SR = 3.25), decreasing the probability of at-risk CONN. Financial satisfaction scores from the
perspective of both children and parents are high (higher scores mean lower satisfaction), and the income level
of 5 is below the average, which increases the probability of at-risk CONN. Specifically, the child’s time spent
playing electronic games increases the probability of at-riskMVPA but decreases the probability of at-risk CONN.
Therefore, to help the boy reduce the probability of at-risk CONN, the family may try to increase the financial
satisfaction, and the boy should do more exercise and improve sleep quality.

5.6.2 Case 2: A 13-Year-Old Girl with At-Risk MVPA, PHYF, PSYF, and RESI. Fig. 6 shows the risk factors of a
child (13.56-year-old girl) whose MVPA, PHYF, PSYF, and RESI are at-risk status. Fig. 6a shows the risk factors
of MVPA. Similar to the previous case, the child is a secondary school student, and more academic pressure
may increase the probability of at-risk status. Another important risk factor is poor sleep quality (SQ = 2.3).
The child has a BFP of 29.5, which is a little high for a 13-year-old girl, increasing the probability of at-risk
MVPA. According to the feature importance analysis of MVPA, we can find that the probability of at-risk MVPA
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(a) VVAS (Probability of at-risk status = 0.89)

(b) RESI (Probability of at-risk status = 0.96)

Fig. 7. Risk factor analysis for a 8-year-old boy whose VVAS and RESI are at-risk status.

decreases with increasing time spent watching TV on weekdays, and the child spent no time watching TV on
weekdays, increasing the probability of at-risk MVPA. Besides, the child has only one frequent and preferred
exercise and one frequent time period for exercise. None of her family has exercise habits (Exer. Habit (R) = 3),
and the father’s education level is senior high school, increasing the probability of at-riskMVPA. It is before the
outbreak of COVID-19 (T0 = 1), which decreases the probability of at-risk MVPA. Specifically, her interest in
Math is 3, which belongs to the least interest quarter. Therefore, to improve her MVPA, the child may consider
improving her sleep quality, and both the child and parents should improve their exercise habits.

Fig. 6b shows that the probability of normal PHYF is 0.56. Note that also it is over 0.5, the optimal threshold
according to the ROC curve is 0.716, so it is classified into at-risk status. The most important risk factor is also
poor sleep quality, and severe sleep problem (SP = 4) increases the probability of at-risk PHYF. Bad exercise
habits are also important risk factors. Besides, the child spent too much time surfing the Internet and playing
electronic games on weekdays.The parents’ addiction level to electronic devices from the perspective of children
is low, decreasing the probability of at-risk PHYF. Therefore, to improve the child’s PHYF, it may be important
to improve the sleep quality and reduce the time spent playing electronic games or surfing the Internet on
Weekdays.

Poor sleep quality and exercise habits are also the most important risk factors for PSYF and RESI. As shown
in Fig. 6c, the child spent too much time playing electronic games, increasing the probability of at-risk PSYF,
but the high sleep regularity, few unhealthy diet habits, and lower parents’ addiction levels to electronic devices
decrease the probability of risk. Fig. 6d shows that the high BFP also increases the probability of at-risk RESI,
but no communication between parents and the child is interrupted by parents’ use of electronic devices, and
high sleep regularity decreases the risk. Therefore, to improve the child’s PSYF and RESI, it may be important to
improve sleep patterns and exercise habits.

5.6.3 Case 3: A 8-Year-Old Boy with At-Risk VVAS and RESI. As shown in Fig. 7, an 8-year-old boy has at-risk
VVAS and RESI. The education level of the father is primary school. The child has less healthy diet habits (0.667,
higher scores means fewer, in the least quarter), and the obstruction level caused by sleep problem is higher
than the average, increasing the probability of at-risk VVAS. Also, the communication between parents and the
child is frequently interrupted by parents’ use of electronic devices (Comm. (ED) = 15), and the child has bad
exercise habits, increasing the probabilities of at-risk VVAS and at-risk RESI. The risk factors of VVAS also include
the child’s no interest in Chinese (Int. (C) = 1, the worst level). Nevertheless, he spent too much time playing
electronic games and online learning on weekends, increasing the risk probability. Specifically, the financial
satisfaction from the perspective of parents is low (Fin. Sat (P) = 11), but it decreases the probability of at-risk.
After looking into the information of the child, we find that the child’s financial satisfaction is relatively high (Fin.
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Sat. (C) = 7, lower scores mean higher satisfaction), but the family income level is very low. Maybe the parents
spent more of their income on the child, which decreases the probability of at-risk VVAS. The high financial
satisfaction from the perspective of children also decreases the probability of at-risk RESI. The risk factors of
RESI also include low sleep regularity, too much time spent playing electronic games on weekends, and none
of his friends with exercise habits. Therefore, to improve the child’s VVAS and RESI, the child may consider
improving his diet habits, sleep quality, and exercise habits, and spending less time on electronic devices.

6 DISCUSSION
This paper explores the impacts of learning modes and contextual characteristics on children’s physical and
mental health, based on which we build a context-aware health inference system to infer children’s health status
from six health indicators:MVPA, PHYS, VVAS, PSYF, CONN, and RESI. In what follows, we conclude and discuss
the key insights into the impacts of school closures, the implications, and the limitations of our work.

6.1 Insights
6.1.1 Short-term and Long-Term Impacts of Full-Day School Closures and Half-Day School Closures. Full-day
school closures would influence children’s physical and mental health [74]. As shown in our analysis, the most
immediate impact is the decrease in physical activity and the increase in sedentary behaviors. Compared with
male children, school closures have greater effects on female children. As shown in our analysis, although
COVID-19 was under control and schools reopened, the time of MVPA of many female children still failed to
return to the level before the outbreak of COVID-19. However, in the long term, the MVPA of children, except
for secondary school students, fail to return to the level before COVID-19. It is possibly because children have
to wear a mask in school during pandemic periods so that they cannot do many high-intensity activities, and
the MVPA of secondary school students had been at lower levels before the outbreak of COVID-19. Besides, the
physical functioning of female children was also significantly worsened due to full-day school closures, which is
consistent with previous work [7, 49] that the likelihood of poor physical functioning is higher among females.
However, full-day school closures improved female children’s psychosocial functioning, which is not in line
with the previous work [16] that girls are more likely to experience depression, anxiety, and stress symptoms
than boys. It is possibly because the interaction with peer groups has a greater impact on female children’s men-
tal health [21]. During full-day school closures, their interaction with peers decreased, and thereby they were
judged less by others, which increased their psychosocial functioning. This effect continued after the school
reopening, possibly because of wearing masks. Secondary school students’ self-rated health was also improved
during school closures. A short-term closure of schools might relieve the stress and thereby increase their self-
rated health. Although half-day school closures also decrease MVPA and increase SB, compared with full-day
school closures, half-day school closures have significantly less negative impact. Besides, Half-day school clo-
sures have no significant harm to other indicators compared with full-day face-to-face classes and even increase
secondary school students’ connectedness with others. Therefore, when the pandemic is under control to some
extent, half-day school closures may be a better choice than full-day school closures.

6.1.2 High-Income Families versus Low-Income Families. Children from low-income families tend to face greater
health risks during school closures than those from high-income families, which is consistent with previous re-
search indicating that children from lower-income families face greater difficulties as a result of the COVID-19
pandemic [24, 70]. As shown in our analysis, children from lower-income families tend to have worse connected-
ness with others and worse self-rated health. However, low-income families still have some strengths. We find
that children from lower-income families tend to have higher resilience, which is consistent with previous work
that children from low-income families are more independent and show surprising resilience and creativity in
overcoming difficulties [17, 53]. Besides, financial satisfaction, which is evaluated based on both the levels of
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income (objective) and how adequate and stable the income is to satisfy the needs [73] (subjective), is also an
important factor. Although some children are from low-income families, their parents sacrifice their own finan-
cial satisfaction to meet the needs of their children, which partly offsets the impact of low family income. For
example, we find that children with high financial satisfaction tend to have higher resilience and connectedness
with others.

6.1.3 Electronic Devices are Double-Edged Sword. Attitudes toward children’s use of electronic devices are al-
ways a controversial topic [65]. Electronic devices have many benefits, especially during school closures. They
are required to take online classes. However, as shown in our analysis, spending too much time on electronic
devices increases the probability of at-risk status of children’s physical and mental health, which is consistent
with previous work that increased time on electronic devices for both gaming and learning increased psychoso-
cial problems in children [70]. Interestingly, we find that the time spent watching TV is positively correlated
with children’s resilience. It is possibly because children usually watch TV with the family, and it enhances
family communication [25]. Therefore, parents should appropriately limit the time children spend on electronic
devices no matter for gaming or learning. Besides, our analysis shows that parents’ addiction levels to electronic
devices are also significantly correlated with children’s health. To help children develop proper electronic usage
patterns, it is important for parents to play an exemplary role.

6.1.4 Good Sleep, Frequent Exercise, and Healthy Diet are Panaceas. Based on the analysis, sleep patterns, exer-
cise habits, and dietary patterns correlated with the six indicators. Better sleep patterns, including better sleep
quality, higher sleep regularity and satisfaction, less sleep problem, and reasonable sleep time, lower the proba-
bility of health risks from the six perspectives. Frequent exercise also reduces the probability of health risks from
all six perspectives. Besides the direct benefits of exercise on physical health, exercise can keep the BFP and BMI
within a healthy range, which increases children’s body satisfaction and thus increases their connectedness with
others [20] and promotes their psychosocial health. Furthermore, we find that higher proportions of friends and
family with exercise habits also positively correlated with children’s own health, which is in line with previous
work that there are parental and peer influences on children’s exercise habits [66]. Therefore, parents should
also play an exemplary role and develop good exercise habits.

6.2 Implications
The proposed system can help families comprehensively understand the contexts correlated to their children’s
health. It presents the importance and influence of various contextual features at an individual level, which
provides intuitive indications for individuals on potential factors hindering their health. Furthermore, the system
facilitates a comprehensive understanding of the influence of school closures on different child populations. The
correlation between the contextual features and the health indicators revealed by the system could help the
authorities allocate the resources more flexibly and equally. With the knowledge of which groups are suffering
more from the pandemic control measures enforced by the government, priority could be given to these groups
when allocating resources.

Compared with traditional clinical scales, each of which usually only evaluates one perspective of the health
status, the proposed system is more comprehensive and ubiquitous. To use the clinic scales, parents should have
priori knowledge of those scales. More specifically, they should select the scales corresponding to the health
issues of their children and learn how to interpret the results. While in this system, we have predefined the six
essential health indicators, and the users only need to input their contextual features to estimate their health
status from various perspectives. Also, no device is required to be worn by children.

We suggest that the proposed system can be an auxiliary tool for the self-monitoring of health, especiallywhen
healthcare resources are quite insufficient (e.g., during pandemics). We believe that the proposed system could
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help parents sense the changes in their children’s health without visible symptoms, especially mental health,
such as psychosocial functioning. Furthermore, it can also contribute to the screening of specific populations
for social work. More attention should be paid to families with specific characteristics that are more influenced
by the pandemic control measures. For the health indicators that have been incorporated into the system, the
proposed system can be used independently or combined with the scales (e.g., PedsQL and EQ5D) since it can
provide more information than the scales (e.g., the important features and risk factors.) Moreover, the system
can be easily extended to incorporate more health indicators.

In this work, we employed G-mean to select the thresholds for the system, while in practice, thresholds can be
dynamically selected based on the application scenarios. If we want to increase the system’s sensitivity to at-risk
status (negative), thresholds lower the false positive rate could be selected. However, it should be noted that a
lower false positive rate usually leads to a lower true positive rate, meaning that a lot of participants with normal
health status would be classified as at-risk status. The thresholds can be selected according to the balanced need
of the sensitivity and specificity of the system. If we want the system to be more sensitive to at-risk status, we
could choose the corresponding thresholds lowering the false positive rate. If we want the system to be more
sensitive to normal status, the thresholds increasing the true positive rate can be selected.

6.3 Limitations and Future Work
6.3.1 Demographic Diversity. All participants are Chinese children, which may lack demographic diversity in
terms of race and affect the generality of our findings and system. Also, we only consider binary gender following
existing literature in this domain. As a result, our analysis based on gender groupsmay fail to reveal the influence
of the complexities of gender. In the future, we can deploy the system online and improve the diversity based
on more data and feedback.

6.3.2 Study Design. We explore the impacts of school closures on the health indicators in Section 4.1. Limited
by the realistic condition, we compared the indicators with different learning modes at different periods rather
than simultaneously, which is not able to completely eliminate the influence of the closure of other infrastructure.
Since schools are critical settings for physical activity and essential sources of mental health services for children
[13, 74] and children spend most of their time in schools, we think the school closures would be the most
significant factor leading to the differences, especially for Hong Kong which is a high-density metropolitan area
with limited public space for physical activities. Also, the results from the questionnaire show that schools are
the most frequent places (60.32%) for exercise. Parks (always accessible) are the second (40.19%), and courts are
the third (24.66%). Only 14.93% of participants selected gyms. Therefore, we think it is reasonable to claim that
the differences are mainly caused by school closures. However, other potential confounders and unmeasured
factors, such as the closure of courts and gyms, may also influence some children’s behaviors. In addition, a
territory study ranging from kindergarten to university students can provide a comprehensive picture of the
impact of school closure on physical and mental health across various age groups.

6.3.3 Contextual Diversity. We try to cover as many aspects as possible when selecting contextual features
based on the literature review and empirical study. Also, the experiment results show that the included features
can achieve satisfactory performance. However, since the real-world settings are really complex, there may exist
other factors which can improve the inference performance, such as children’s living conditions, the housing
built environment, and the infection rate. In the future, we plan to incorporate more features from various
perspectives.

6.3.4 Health Indicator Diversity. Currently, the health inference system includes six essential health indicators.
However, since there are numerous health issues, there are still many health indicators that can be considered.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 7, No. 1, Article 18. Publication date: March 2023.



A Data-Driven Context-Aware Health Inference System for Children during School Closures • 18:23

Therefore, the system is designed to be extendable. In the future, we plan to incorporate more indicators for
various health issues, such as ADHD.

6.3.5 Privacy Concerns. Children’s detailed contextual features are used to train the inference model, which
raises privacy concerns. To address this issue, we plan to leverage the federated learning scheme [38]. For exam-
ple, users can download a global model and train local models to improve the global model by uploading trained
parameters while keeping users’ private data on devices.

6.3.6 Causality Analysis. When interpretingmachine learningmodels using interpretability tools such as SHAP,
it might be impractical to generalize causal effects due to the unmeasured confounding features and correlated
input features, especially in complex real-world settings [23, 57]. However, by explaining the general correlation
between contextual features and health indicators, it is still feasible to figure out how these features influenced
the predicted probability of at-risk health status and thus provide indications of potential risk factors. In the
future, we plan to employ causal models to obtain more solid casual insights.

7 CONCLUSION
Many schools have experienced temporary closures due to the COVID-19 pandemic, which has a great influence
on children’s physical and mental health globally. However, it is difficult for parents to track and get advice on
improving their children’s health status timely and comprehensively. In this work, we conduct exploratory data
analysis based on real-world datasets collected from children in primary and secondary schools in Hong Kong
during four time periods (i.e., before the outbreak of COVID-19, full-day school closures due to COVID-19, half-
day school reopening when COVID-19 was under control, and after long-term half-day face-to-face classes) from
September 2019 to January 2022 to explore the impacts of school closures on children’s health and the correlation
between contextual characteristics and children’s health. We further build a context-aware system that can infer
children’s physical and mental health with six indicators (physical activity intensity, physical functioning, self-
rated health, psychosocial functioning, resilience, and connectedness) based on children’s contextual features
(demographics, socioeconomic status, electronic device usage patterns, financial satisfaction, academic perfor-
mance, sleep pattern, exercise habits, and dietary patterns) during school closures. By explaining the influence of
the contextual features on the inference results, the system can identify risk factors for individuals and provide
guidance for authorities to allocate resources cost-effectively. Findings from our analysis and case studies also
provide insights into the impacts of school closures and contextual characteristics on children’s health.
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