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Abstract

Background: Early surveillance to prevent the spread of influenzais a major public health concern. If there is an association
of influenza epidemics with mobile app data, it may be possible to forecast influenza earlier and more easily.

Objective: We aimed to assess the rel ationship between seasonal influenza and the frequency of maobile app use among children
in Osaka Prefecture, Japan.

Methods: This was a retrospective observational study that was performed over a three-year period from January 2017 to

December 2019. Using alinear regression model, we calculated the R? value of the regression model to evaluate the relationship
between the number of “fever” events selected in the mobile app and the number of influenza patients <14 years of age. We
conducted three-fold cross-validation using data from two years as the training data set and the data of the remaining year asthe
test data set to evaluate the validity of the regression model. And we calculated Spearman correlation coefficients between the
calculated number of influenza patients estimated using the regression model and the number of influenza patients, limited to the
period from December to April when influenzais prevalent in Japan.

Results:  We included 29,392 mobile app users. The R? value for the linear regression model was 0.944, and the adjusted R?
value was 0.915. The mean Spearman correlation coefficient for the three regression models was 0.804. During the influenza
season (December—April), the Spearman correlation coefficient between the number of influenza patients and the calculated
number estimated using the linear regression model was 0.946 (P<.001).

Conclusions: In this study, the number of times that mobile apps were used was positively associated with the number of
influenza patients. In particular, there was a good association of the number of influenza patients with the number of “fever”
events selected in the mobile app during the influenza epidemic season.

(JMIR Form Res 2022;6(2):€31131) doi: 10.2196/31131
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Introduction

Influenza can still spread in recent years and can cause death,
especialy in the elderly and infants. In addition, the spread of
influenza not only harms people’s health but also has a
significant social and economic impact due to absenteeism and
missed work. Therefore, early surveillanceto prevent the spread
of influenza is a major public heath concern. However,
traditional infectious disease reportsrequire 10 daysto 2 weeks.
Various early surveillance models using absenteeism records
[1-3], pharmacy drug sales [4,5], and visits to emergency
departments[6,7] have been studied. Inrecent years, there have
also been early prediction models for influenza using Internet
search engine data [3,8-12]. In Japan, based on the Infectious
Disease Control Law, patients with influenza are reported by
medical ingtitutions to public health centers, and the public
health departments of each prefecture announce the results.
However, such traditional surveillance of infectious diseasesis
associated with high costs and considerable time from data
collection to publication. Thus, we have previously revealed
the relationship between telephone triage service data and the
number of infectious disease patientsin Osaka Prefecture, Japan
[12,13].

In 2015, we devel oped a self-triage mobile app for the residents
of Osaka Prefecture that determines the urgency of symptoms
in children with sudden illness or injury and guides them to
ambulances and appropriate medical institutions based on the
urgency of their symptoms. The profile of users of this
self-triage app has been revealed in detail [14]. Thismobile app
has been available for free download from Google Play and the
App Store in Japan since 2016, and by the end of 2019, it had
been downloaded 23,732 times and used atotal of 63,230 times.
If the relationship between the frequency of mobile app use and
the number of influenza patients can be clarified and aprediction
model can be structured, it may be possibleto forecast influenza
earlier and more easily. While traditional infectious disease
reports actually require 10 days to 2 weeks, syndromic
surveillance with mobile app data allows aggregation and
forecasting to be done programmatically, enabling low-cost,
real-time forecasting. The purpose of this study was to assess
the relationship between seasonal influenza and the frequency
of mobile app use among children in Osaka Prefecture, Japan.

Methods

Study Design, Population, and Setting

Thiswas aretrospective observational study during athree-year
period from January 2017 to December 2019. Osaka Prefecture
has the largest urban area in western Japan, with an area of

1905.14 km?, a population of 8.8 million, and 1.09 million
children of <14 years of age [15]. In this study, we included
cases in which the child’s parents or guardians used the mobile
app in Osaka Prefecture. Informed consent was obtained from
the mobile app users at the time of maobile app use. This study
was approved by the ethics committee of the Osaka University
Graduate School of Medicine (approval no. 20313). This
manuscript was written based on the STROBE statement
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(strengthening the reporting of observational studies in
epidemiology) [16].

Outpatient Surveillance of Influenza-Like lllnessin
Japan

The Infectious Disease Surveillance Program in Japan, initiated
in 1981, formed the basis for influenza surveillance for
outpatients [17,18]. This program was revised and updated to
itspresent form following the revision of the I nfectious Disease
Control Law in 1999 [17-20]. The system is currently called
the Nationa Epidemiological Surveillance for Infectious
Diseases, which includes a mandatory reporting system for
nationally notifiable diseases and sentinel surveillance systems
for various types of infectious diseases [21].

Influenza falls under the sentinel surveillance arm of the
program. Weekly numbers of influenza patients have been
reported to local health centers from 5000 medical institutions
nationwide. Sentinel sites were designated according to their
geographic distribution, type of medical institution (clinic or
hospital), and population density. These sentinels use the
following criteria for reporting influenza-like illness (IL1): (1)
sudden onset of illness, (2) fever >38°C, (3) symptoms of upper
respiratory inflammation, and (4) systemic symptoms such as
general fatigue. A case is considered to meet the reporting
criteriaif the patient meets all symptoms from (1) to (4) or at
least one of the symptomsin combination with a positive rapid
diagnostic test [19]. Sentinel sites report the age group and sex
of patients on a weekly basis. The report does not include
personal information (eg, names or addresses). Thisinformation
is transferred from local health centers to the prefectural
government, where it is aggregated into a prefectural report.
The report is then forwarded to the Nationa Institute of
Infectious Diseases in Tokyo, which is affiliated with the
Ministry of Health, Labor and Welfare. Within Osaka Prefecture,
300 medical ingtitutions report influenza patients to 10 local
health centers [22]. In this study, the main endpoint was the
weekly number of influenza patientsin Osaka Prefecture. These
data were acquired from the website of the Information Center
of Infectious Diseases in Osaka Prefecture [22].

Mabile App for Emergency Pediatric Patients

The details of the mobile self-triage app that was used in this
study have been described previoudly [14]. First, the age and
sex of the children were selected in this mobile app. Next, the
user selects either “sickness’ or “injury, poisoning, foreign
substances, and others” When either of these is selected, the
list of chief complaints shown is displayed in the mobile app,
and the user selects the relevant chief complaint. For example,
if “fever” is selected, relevant signs and symptoms with high
urgency, such as “fever of >41°C,” are displayed in the app. If
none of these are selected, relevant signs and symptoms with
moderate urgency, such as “decreased urine volume” are
displayed in the app. If none of them apply, the related signs
and symptoms corresponding to “low urgency” are further
displayed, and the urgency is determined based on the selected
signs and symptoms. The app provides emergency medical
services, such as the ability to call an ambulance or telephone
triage center and information on available hospitalsand clinics.
Based on the judgment of urgency. If there is another chief
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complaint, such as “convulsion” when “fever” is selected, the
app will moveto the urgency assessment for the other complaint.
Only hospitalsand clinicsin Osaka Prefecture that have agreed
to register their information in the app will be displayed as
available hospitals and clinics. In addition, the GPS feature of
the user’s cellphone also provides alist of hospitals and clinics
in order of proximity to the location where the app is being
used. The Android version of this app was released in January
2016, while the iOS version was released in April 2016. The
mobile app can be downloaded free from Google Play and the
App Storein Japan.

Endpoint

The endpoint of this study was the number of influenza
patients<14 years of age per week in the Osaka Prefecture. The
number of influenza patients per week was obtained from data
published on the website of the Osaka I nstitute of Public Health
[22].

Statistical Analysis

Using a linear regression model, we calculated the R? value of
the regression model to evaluate the relationship between the
number of “fever” events selected in the mobile app and the
number of influenza patients <14 years of age. We aso
calculated the Spearman correlation coefficient between the
number of influenza patients and the calculated number of

influenza patients <14 years of age, the adjusted R? value, and
the P value. The age groups were classified as follows: infants
and toddlers (0-4 years), kids (5-9 years), and teenagers (10-14
years). The seasonswere categorized aswinter (January-March),
spring (April-dune), summer (July-September), and autumn
(October-December). Then, we evaluated the interaction
between influenza season (December-April) and the number of
“fever” events selected in the mobile app. In addition, to assess
the regression model in a smaller area, we divided Osaka
Prefectureinto eight regions (Toyono, Mishima, North-K awachi,
Middle-Kawachi, South-Kawachi, Sakai, Senshu, and Osaka
City) (Multimedia Appendix 1). The eight regions were
classified based on the medical care plan of the Osaka
Prefectural Government [23]. Finally, we calculated Spearman
correlation coefficients between the calculated number of
influenza patients estimated using the regression model and the
number of influenza patients, limited to the period from
December to April, when influenza is prevalent in Japan. P
values of <05 were considered to indicate dtatistical
significance. All statistical analyses were performed using SPSS
version 23.0J (IBM Corp).

https://formative.jmir.org/2022/2/€31131

Katayamaet al

Results

From 2017 to 2019, the mobile app was used atotal of 59,375
times; 29,392 (49.5%) of these uses occurred in Osaka
Prefecture. On the other hand, the number of influenza patients
<14 years of age in the same period was 188,590 (Multimedia
Appendix 2). Table 1 shows the characteristics of the subjects
in this study. The median age was 1 year (IQR 0-3 years), and
the most frequent age group was infants with 17,401 (59.2%)
uses, followed by toddlers with 8999 (30.6%) uses. A total of
15,387 (52.4%) subjects were male, 13,788 (46.9%) were
female, and 217 (0.7%) were of unknown sex. The mobile app
was used 6453 (22.0%) timesin 2017, 10,724 (36.5%) timesin
2018, and 12,215 (41.6%) timesin 2019. By season, the mobile
app was used 6142 (20.9%) timesin winter, 7714 (26.2%) times
in spring, 7673 (26.1%) times in summer, and 7863 (26.8%)
times in autumn. The region in which the app was most
frequently used was Osaka City (13,570 times, 46.2%), and the
region in which the app was used the least was the Mishima
area (1156 times, 3.9%). The chief complaint most frequently
selected on the maobile app was “fever” (14,777 times, 39.1%),
followed by “cough” (2592 times, 6.9%) and “head and neck
injury” (2523 times, 6.7%).

Figure 1 shows the weekly number of influenza patients <14
years of age and the weekly number of times that “fever” was
selected in the maobile app. Figure 2 shows the weekly number
of influenza patients <14 years of age and the cal culated number
of influenza patients<14 years of age estimated using thelinear
regression model. The red line shows the weekly number of
influenza patients; the yellow line shows the number of times
that “fever” was selected per week in the mobile app, and the
blueline showsthe cal culated number of influenza patients<14
years of age estimated using the linear regression model. The
regression coefficient of the weekly number of timesthat “fever”
was sel ected in the mobile app was 2.977 (95% CI 0.680-5.314).

The R? for the linear regression model was 0.944, and the

adjusted R? value was 0.915. Spearman correlation coefficient
between the number of influenza patients and the calculated
number estimated using the regression model was 0.946. There
was a significant interaction between influenza season and the
number of times “fever” was selected in the mobile app
(regression coefficient 5.873, 95% CI 2.521 to 9.226).

Table 2 shows the result of subgroup analysis by age group.
The regression coefficient of the weekly number of times that
“fever” was selected in the mobile app was 0.955 (95% CI
—0.045to 1.954) ininfants and toddlers, 12.684 (95% CI 6.880
to 18.487) in kids, and 4.609 (95% CI —0.730 to 9.949) in
teenagers, respectively.
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Table 1. Demographic and clinical characteristics (N=29,392).
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Characteristics Values
Age? (years), n (%)
Infants and toddlers (0-4) 25,279 (86.0)
Kids (5-9) 3032 (10.3)
Teenagers (10-14) 1081 (3.7)
Sex, n (%)
Male 15,387 (52.4)
Female 13,788 (46.9)
Unknown 217 (0.7)
Time of telephone consultation and triage, n (%)
Daytime (9:00 to 17:59) 11,818 (40.2)
Nighttime (18:00 to 8:59) 17,574 (59.8)
Year, n (%)
2017 6453 (22.0)
2018 10,724 (36.5)
2019 12,215 (41.6)
Season, n (%)
Winter (January to March) 6142 (20.9)
Spring (April to June) 7714 (26.2)
Summer (July to September) 7673 (26.1)
Autumn (October to December) 7863 (26.8)
Area, n (%)
Osaka City Area 13,570 (46.2)
Middle-Kawachi Area 3071 (10.4)
Toyono Area 2893 (9.9)
Sakai Area 2546 (8.7)
Senshu Area 2315 (7.9)
North-Kawachi Area 2097 (7.1)
South-Kawachi Area 1744 (5.9)
Mishima Area 1156 (3.9)
Selected chief complaint in the mobile app, n (%)
Fever 14,777 (39.1)
Cough 2592 (6.9)
Head and Neck Injury 2523 (6.7)
Nausea/\VVomiting 2222 (5.9)
Convulsion 1635 (4.3)
Nasal Discharge 1571 (4.2)
Rash 1431 (3.8)
Diarrhea 1321 (3.5)
Face and extremities injury 995 (2.6)
Dyspnea 886 (2.3)
Other 7882 (20.8)
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#The median age was 1 year, with an IQR of 0 to 3 years.

Figure 1. Theweekly number of influenza patients and that of telephone triage counts due to "fever".
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Figure 2. The weekly number of influenza patients and the calculated number of influenza patients from the linear regression model.
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Figures 3 and 4 show the number of influenza patients<14 years
of age and the calculated number of patients estimated using
thelinear regression model for each region. The best correlation
was observed in the Toyono area (Spearman correlation
coefficient: 0.918; P<.001), and the worst correlation was
observed in the Senshu area (Spearman correl ation coefficient:
0.768; P<.001).

Katayamaet a

Figure 5 showsthe relationship between the number of influenza
patients <14 years of age and the cal culated number estimated
using the linear regression model during the influenza season
(December—April). From December to April, the Spearman
correl ation coefficient between the number of influenza patients
and the calculated number estimated using the linear regression
model was 0.946 (P<.001).

Figure 3. The weekly number of influenza patients and the cal culated number of influenza patients from the linear regression model for each region.
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Figure 4. Theweekly number of influenza patients and the calculated number of influenza patients from the linear regression model for each region.
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Figure5. A scatter plot of the number of influenza patients and number of patients calculated using the liner regression model in December-April.
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Principal Findings

This study revealed that the number of times that “fever” was
selected in the mobile app was positively associated with the
number of pediatric influenza patients in large urban areas of
Japan. We a so reveal ed that the validity of thelinear regression
model did not differ among the regions. In the analysis by age
group, there was a so no difference in the relationship between
the number of timesthat “fever” was selected in the mobile app
and the number of influenzacases. Inthe analysisby age group,
there was also no difference in the relationship between the
number of times that “fever” was selected in the mobile app
and the number of influenza cases. The number of pediatric
influenza patients and the calculated number from the linear
regression model were highly correlated during the influenza
epidemic periods (December—April) in Japan. Thus, the number
of pediatric influenza patients was rel ated to the number of times
that the mobile app was used, and the contribution of the linear
regression model was high. Although traditional infectious
disease reportsrequire 10 daysto 2 weeks, thereisareationship
between the number of times that the mobile app was used and
the number of influenza patients during the influenza season,
and comparing various models using this parameter will lead
to the construction of an optimal prediction model in thefuture.

Comparison With Prior Work

First, the number of pediatric influenza patients was strongly
correlated with the cal culated number estimated using the linear
regression model based on the number of timesthat “fever” was
selected in the mobile app. There have been several studies on
syndromic surveillance of influenzausing telephonetriage data
[24-26], and we also revealed that the number of calls for
telephone triage was related to the number of influenza patients
inJapan [13]. There have also been some syndromic surveillance
studies of influenza using mobile app data. A study in Guatemala

https://formative.jmir.org/2022/2/€31131

reported that the Pearson correlation coefficient between the
number of ILI patients and the data of mobile appsthat members
of the general public used to record symptomswas—0.412 [27].
On the other hand, a study in South Korea reported that the
Spearman correlation coefficient between the number of
influenza patients and the data from a mobile app that supports
parents and caregivers when young children have fever was
0.878[28]. Spearman correl ation coefficient between the number
of influenzapatients and the cal culated number estimated using
the regression model was 0.946 in this study. Although the
number of participants was 189 and the maximum number of
influenza patients was approximately 40 per week in the study
by Guatemala. The number of participants in this study was
approximately 15,000, while that in a study from South Korea
was approximately 5 million. The number of infected patients
and the data used in the analysis would affect the validity of the
results. In order to accurately predict infectious disease
epidemics, in addition to obtaining a large amount of data for
the analysis, it is also necessary for the disease (eg, influenza)
to infect alarge number of people.

Next, we divided Osaka Prefecture into eight regions and
analyzed the data, and found no differencein the validity of the
linear regression model in any of theregions. Theseresultswere
similar in the sub-group analysis divided by age group. Perry
and colleagues compared the predictive performance of N4SID
(a numerical agorithm for subspace state space system
identification), exponentially weighted moving average, fast
orthogonal search (FOS), and regression models in predicting
the number of patients visiting the emergency department for
respiratory diseases using the number of tel ephone consultations
in Canada [7]. They found that the FOS model had better
prediction accuracy than the regression model when the
population was large but that the regression model had the best
prediction performance in regions with small populations. In
this study, we used a linear regression model to assess the
relationship between the use of the mobile app and the number
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of influenza patients. The volume of data for which the linear
regression model is suitable is not known; however, the fact
that a good correlation was found between the number of
influenza patients and the calculated number of influenza
patients estimated using the regression model in all regions may
indicate that this model was suitable for the analysis of the
amount of datain this data set.

Third, the number of influenza patients and the calculated
number of influenza patients estimated using the regression
model were well correlated in the analysis of the influenza
epidemic season from December to April. The same result was
obtained in our previous study using telephonetriage data[13].
In a previous study, the data set used in the regression model
included the data from 17,000 individuals per year, while the
number in this study was approximately 5000 per year. The
relationship in the noninfluenza season was not as good as in
the influenza season. In addition, there was an interaction
between influenza season and the number of times“fever” was
selected in the mobile app, and it is likely that the relationship
ishigher during the influenza season. Thisisbecause the number
of times that “fever” was selected in the mobile app was used
in this study. During the noninfluenza season, “fever” was
selected due to other infectious diseases other than influenza,
so the relationship between the number of pediatric influenza
patients and the value calculated from the regression model
might be low.
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Limitations

The present study was associated with some limitations. First,
reports on influenzain Japan are fixed-point observations based
on the Infectious Diseases Control Law, and the survey of
influenza is not a survey of al cases. Second, regarding the
criteria for reporting influenza patients in Japan, patients who
are diagnosed with influenza based on clinical symptoms are
included [29]. In Japan, it includes cases reported as influenza
based on clinical symptoms alonewithout the use of aninfluenza
diagnosis kit, so some of these patients may not truly have
influenza. Third, as a result of the global spread of the novel
COVID-19in 2020, there hasbeen achangein peopl € s attitudes
toward the prevention of infectious diseases. Therefore, it may
affect the frequency of mobile app usage and the number of
influenza patients. Fourth, since this study included pediatric
patients, it is unclear whether it is appropriate for predicting
epidemicsin adult and elderly populations. Fifth, as this study
followed the assumptions of linear regression analysis and it
was a popul ation-based study in a metropolitan area of Japan,
the generalizability of these results may be high. However, it
has not been assessed for validity in other regions, so external
vaidity needsto be assessed, and we will assess external validity
in the future.

Conclusions

In this study, the number of times that mobile apps were used
was positively associated with the number of influenza patients.
In particular, the relationship between the number of times that
mobile apps were used and the number of influenza patients
was good during the influenza epidemic season.
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