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Abstract

Background: Screening for influenza in primary care is challenging due to the low sensitivity of rapid antigen tests and the
lack of proper screening tests.

Objective: The aim of this study was to devel op a machine learning—based screening tool using patient-generated health data
(PGHD) obtained from a mobile health (mHealth) app.

Methods: We trained a deep learning model based on a gated recurrent unit to screen influenza using PGHD, including each
patient’s fever pattern and drug administration records. We used meteorological data and app-based surveillance of the weekly
number of patients with influenza. We defined a single episode as the set of consecutive days, including the day the user was
diagnosed with influenza or another disease. Any record a user entered 24 hours after his or her last record was considered to be
the start of a new episode. Each episode contained data on the user’s age, gender, weight, and at least one body temperature
record. The total number of episodes was 6657. Of these, there were 3326 episodes within which influenza was diagnosed. We
divided these episodes into 80% training sets (2664/3330) and 20% test sets (666/3330). A 5-fold cross-validation was used on
the training set.

Results. We achieved reliable performance with an accuracy of 82%, a sensitivity of 84%, and a specificity of 80% in the test
set. After the effect of each input variable was eval uated, app-based surveillance was observed to be the most influential variable.
The correlation between the duration of input data and performance was not statistically significant (P=.09).

Conclusions: These findings suggest that PGHD from an mHealth app could be a complementary tool for influenza screening.
In addition, PGHD, along with traditional clinical data, could be used to improve health conditions.

(J Med Internet Res 2020;22(10):€21369) doi: 10.2196/21369
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data cover a wide range of quantitative variables, such as
physical activity, blood glucose levels, blood pressure, heart

With the increasing popularity of mobile health (mHeslth), a "@€Thythm, and oxygen saturation adong with a range of
considerable amount of health-related data are now generated  dualitative data, such as mood-related symptoms, food intake,
and accumul ated outside of hospitals[1-3]. Thesehealth-related  Medication use, and sleep patterns. Even datafrom social media
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postsor search engine queriesmay beincluded [4]. Thesekinds
of health-related data are categorized as patient-generated health
data (PGHD) and defined by the Office of the National
Coordinator for Heath Information Technology as
“health-related data—including health history, symptoms,
biometric data, treatment history, lifestyle choices, and other
information—cresated, recorded, gathered, or inferred by or from
patientsor their designees (i.e., care partners or those who assi st
them) to help address a health concern” [5].

Many studies have shown that PGHD have various potential
benefits for health care. For example, PGHD may help patients
with chronic diseases like diabetes or hypertension take better
care of themselves by delivering continuous monitoring and
support with more personalized treatment planning [6-9]. PGHD
are aso beneficial for remote monitoring of patients
postsurgical pain or chronic pain and have been found to more
accurately assessthe psychoemotional status of patients[10-12].
Another example of PGHD use is forecasting contagious
diseases. Some research has shown that influenza [13-15] and
Middle East respiratory syndrome (MERS) [16] outbreaks could
be predicted using search engine query data, including Google
Flu Trends and social media posts. In addition to these indirect
methods, a website or smartphone app through which patients
directly report their symptoms can also be used to detect
epidemics[17,18].

Although influenza outbreaks can be predicted using PGHD,
the diagnosis or screening of individual patients has been
conducted using traditional medical devices, such as the rapid
influenza antigen test or reverse transcri ption—polymerase chain
reaction (RT-PCR). Therapid influenza diagnostic test (RIDT)
has mainly been used as adiagnostic test because of its reduced
processing time and easy accessibility [19]. However, due to
the low sensitivity of the RIDT, it is insufficient to serve as a
screening test for influenza [20-22]. Due to this concern,
influenza treatment with antiviral medication has been
prescribed for suspected influenza cases, based on clinical
judgment, even when the RIDT showed a negative result.
Influenza-like illness (ILI) case definition is one of the
symptom-based screening methods of suspected cases, but it
has been reported to have limited sensitivity despite its loss of
substantial specificity [23].

http://www.jmir.org/2020/10/e21369/
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Fever isregarded asthe most distinctive symptom of influenza.
Due to the lack of other distinguishable symptoms, it can be
challenging to differentiate influenza from other diseases
[24,25]. Recently, deep learning approaches have been reported
to exceed classica statistical methods for predicting the
outcomes of an individual patient using time series data, such
as inpatient data [23,26]. In this study, we propose a deep
learning method for influenza screening by combining
epidemiological information and PGHD from an mHealth app.
These results were then compared with the patients’ diagnostic
findings.

Methods

Data Collection

We retrospectively collected log data from the Fever Coach
app, which is available on Android and iOS [27]. Fever Coach
is a fever management app that uses the self-reported data of
its users (Figure 1).

The datawere collected from January 2017 to December 2018.
A total of 480,793 users entered 28,010,112 records. During
the same period, the number of users diagnosed with influenza
ataclinicwas16,432. In 2017 and 2018, 3583 and 12,849 users
were diagnosed with influenza, respectively. The log data
included body temperature, volume, type and form of antipyretic
drugs or antibiotic drugs, sex, age, weight, symptoms, and
memos. The users of Fever Coach agreed that their deidentified
data could be used for research purposes, and the institutional
review board of Samsung Medical Center waived informed
consent.

We collected the daily mean temperature, daily maximum
temperature, daily minimum temperature, daily mean dew point,
daily mean relative humidity, and daily mean pressure data
between January 2017 and December 2018 from the Korea
Meteorological Administration information portal. The
observation point was Seoul 108 [28].

Korea Center for Disease Control (KCDC) produces a weekly
influenza-like illness report every Tuesday using data received
from public health centers during the previous week. These data
were collected for the period of January 2017-December 2018
[29].
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Figure 1. Screenshots of the Fever Coach app.
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Data Preprocessing

All of the log data, separated by user ID and year, were then
split into episodes. The episodes were defined as the set of
consecutive days containing the day the user was diagnosed
with influenza or another disease. For example, if a user was
diagnosed with influenza on February 23, 2018, and recorded
his or her body temperature between February 21, 2018, and
February 24, 2018, these days were considered to be 1 episode.
If the user logged another record 24 hours after his or her
previous record, it was considered to be a new episode. Table
1 shows examples of episode separation.

Each episode must contain information about the user's age,
gender, and weight. Userswere divided into 4 age groups—0-2
years, 2-5 years, 6-12 years, and =13 years—to avoid possible
overfitting according to age, as age is one of the key factors of
influenza propagation. Any episode without age, gender, and
weight was excluded. Moreover, any episode not containing at
least 1 fever data point was excluded.

We then cal culated the app-based weekly influenza surveillance
from theinfluenza-diagnosed episodes each year. The app-based
weekly influenza surveillance was defined by the weekly
number of reported influenza cases divided by the total number
of annually reported influenza cases in the same year. For
example, if there were 3000 reported influenza cases in 2018
and 300 weekly reported influenza cases in week 49 of 2018,
the app-based surveillance for week 49 of 2018 was 0.1. We
calculated this value every week for each year and then added

http://www.jmir.org/2020/10/e21369/
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this value to the corresponding episode. If each episode had
multiple days, we used the first day of each episode as the
representative value, considering that the incubation period of
influenzais1to 4 days[30,31]. Our week-numbering was based
on the 1SO week-date system [32]. The app-based weekly
influenza surveillance data are in Multimedia Appendix 1.

We also added meteorologica data from the Korean
Meteorological Administration. As before, we used values
corresponding to thefirst day of each episode. We added KCDC
laboratory surveillance as well, but this time we used values
corresponding to 1 week before the first day of each episode.
Dueto thereporting delay of the KCDC surveillance, we could
not use values corresponding to the same week.

Finally, as the log data we collected had more noninfluenza
episodes than the influenza episodes, we set the number of the
noninfluenza episodes to be the same as the influenza episodes
each year. Data from 2018 were used for training and
hyperparameter tuning, and those datawere randomly split into
the training set (2664/3330, 80%) and the test set (666/3330,
20%). A 5-fold cross-validation was used on the training set.
Considering that the influenza epidemic is slightly different
each year, we prepared an additional validation set. Although
our training/test sets included the data collected in 2018, the
additional validation set included the data collected in 2017 that
had a different distribution of weekly reported influenza cases.
As with the training/test set, the additional validation set was
also adjusted to 50:50 for influenza and noninfluenza episodes.
Figure 2 summarizesthe overall pipelinefor data preprocessing.
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Table 1. Examples of episode separation.

Choo et a

Episodes and the user-added date and time log

Time elapsed since the previous log

Episode 1

2018-09-06 22:25

2018-09-06 22:37
2018-09-06 23:53
2018-09-07 1:01

2018-09-07 2:49

2018-09-07 10:00
2018-09-07 15:56
2018-09-07 21:15
2018-09-08 11:20
2018-09-08 12:10
2018-09-08 21:10
2018-09-09 12:14
2018-09-09 21:38
2018-09-10 9:40

2018-09-10 21:30
2018-09-11 9:14

2018-09-11 19:14

Episode 2

2018-10-03 22:11
2018-10-03 22:12
2018-10-03 22:26
2018-10-03 23:31
2018-10-04 0:31
2018-10-04 2:38

Episode 3

2018-10-11 8:30

2018-10-11 10:10
2018-10-11 10:12
2018-10-11 10:14
2018-10-11 11:35

N/AZ
0h12min
0h16 min
0h8min
1h48 min
7h 11 min
5h56 min
5h19min
14 h5min
0h50min
9h0min
15h4 min
9h24min
12h 2 min
11 h 50 min
11 h 44 min
10h 0 min

>24h

Oh1min
0h14 min
1h5min
1h0min
2h7min

>24h

1h40 min
Oh2min
0h2min
1h21 min

3N/A: not applicable.
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Figure 2. Pipelinefor data preprocessing. KCDC: Korea Center for Disease Control.

Separate the log data of 480,793 users
into files (a) by unique user id

Any files (b) and (c) without age,
gender, or weight, data were discarded

Each of the files (b) and (c) diagnosed
in 2017 was classified as an additional
validation set

Each file is (a) separated into small

files by consecutive days

Any files (b) and (c) without fever data
entered at least once were discarded

Set the size of the non-flu sample the
same as the size of the flu sample:
1245 users

Each file is (a) separated into small
files by diagnosis

Calculate weekly app surveillance
from (b) and add value to each of files
(b) and (c)

Each of the files (b} and (c) diagnosed
in 2018 was classified as a training or

Select the flu-diagnosed files (b) from
separated files (a)

testing set

Select the non-flu-diagnosed files (c)
from separated files (a)

Add KCDC lab surveillance and
meteorological data to each of files (b)
and (c)

Set the size of the non-flu sample the
same as the size of the flu sample:
2664 users for training, 666 users for

Deep L earning M odel and Training Hyper parameters

We used GRU-D as our baseline model [26]. GRU-D is a
modified design of the gated recurrent unit (GRU) neura
network structure based on a recurrent neural network. Unlike
in the GRU, the mask and timestamp were combined together,
and input was mani pul ated to 3-channel data. Since Fever Coach
data were characterized by a variety of missing values, we
considered that the mask system of the GRU-D structure would
be effective in our experiment. Backpropagation was not
performed for the masked data; therefore, it did not update
parameters. Theinput datawere manipulated to 3-channel data,
which were concatenated with a timestamp and masked as
previously described. Thus, the shape of the matrix Xin,« was
3 x D x T, where D is the number of variables for each
experiment, and T is the maximum number of time series. We
used T=70 in the experiment in that the maximum count of the
input data in 1 episode was 70. The maximum number of
variable dimensionsin our experiment was 16 (4 for age, 6 for
meteorological data, and 1 each for sex, weight, influenza
surveillance, app-based surveillance, antibiotic administration,
and antipyretics administration). We performed 3 experiments
using different combinations of variables. First, we used the

http://www.jmir.org/2020/10/e21369/
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entire 16 dimensions (7 variables) for inputting the model, and
2 additional experiments were performed to evaluate the effect
of the input variables on performance. The second experiment
was performed with the same conditions as the first, except a
single variable was removed, which brought the number of
variables to 6. The third experiment was similar to the first as
well, except for the addition of 1 variable out of the 3 (body
temperature, antipyretics administration, and antibiotic
administration). We used binary cross-entropy asalossfunction,
and we used accuracy as an eval uation metric to choose the best
model. All hidden states were initialized to 0. We used the
optimizer, rectified adaptive moment estimation, with alearning
rate of 0.0001 [33]. The total number of epochs was 50. The
softmax function was used as an activation function. We used
adropout of 0.01 to prevent overfitting. All the input variables
were normalized to have a mean of 0 (SD 1). The codes are
publicly available at a GitHub repository [34].

Results

The total number of episodes obtained was 6657. Out of these
6657 episodes, 3326 were diagnosed with influenza. The average
and SD of each episode length were 29.24 (SD 21.79). Table 2
summarizes the general characteristics of the processed data.
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Table 2. General characteristics of the data set.
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Variables Year 2017 Year 2018
Body temperature

Average number of inputs 15.05 20

Variance in the number of inputs 16.32 18.29
Antipyretic administration

Average number of inputs 4578 6.040

Variance in the number of inputs 4.685 24.03
Antibiotic administration, n

At least 1 antibiotic administration 372 4705

No antibiotic administration 2118 1952
Age(years), n

0to2 886 2529

2to5 1328 3564

5t0 12 262 479

Older than 12 14 85
Sex, n

Male 1246 3348

Female 1244 3309

Based on the GRU-D, the proposed screening algorithm used
PGHD (body temperature records, antipyretic drug
administration records, and antibiotic drug administration
records), app-based surveillance, and meteorological data as
the input variables. The area under the receiver operating
characteristic (AUROC) curve of the test data set was 0.902,
with an accuracy of 82.43% (95% Cl 80.28%-84.44%), a

Figure 3. Confusion matrix for the test set and the additional validation set.

sensitivity of 84.20% (95% CI 81.07%-87.00%), a specificity
of 80.92% (95% ClI 77.85%-83.73%), apositive predictive value
(PPV) of 79.05% (95% CI 76.38%-81.50%), and a negative
predictive value (NPV) of 85.69% (95% Cl 83.26%-87.83%).
The confusion matrix and the receiver operating characteristic
(ROC) curve are shown in Figures 3 and 4, respectively.
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Confusion Matrix
Test Set Additional Validation Set
Predicted Predicted Predicted Predicted
Positive Negative Positive Negative
Actual 581 97 Actual 951 172
Positive Positive
Actual 137 517 Actual 241 976
Negative Negative
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Figure 4. Receiver operating characteristic (ROC) curve illustrating the screening ability of the model. The red line shows a random guess, the blue
line is the result of the test set collected in 2018, and the orange line is the result of additional validation using data from 2017. AUROC curve: area

under the receiver operating characteristic curve.
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Considering that the influenza epidemic is dightly different
each year, we prepared additional validation set asdescribed in
the methods section. For the additional validation set, we
achieved an areaunder the curve (AUC) of 0.8647, an accuracy
of 77.99% (95% Cl 76.31%-79.61%), a sensitivity of 82.35%
(95% CI 79.91%-84.61%), a specificity of 74.79% (95% CI
72.46%-77.02%), aPPV of 70.57% (95% Cl 68.59%-72.47%),
and an NPV of 85.24% (95% Cl 83.47%-86.84%).

We also attempted to evaluate the effect of the input variables
on performancein 2 ways. First, we removed them oneat atime
from al variables. Second, we added them one at atime from
baseline variables. To remove them one by one, wefirst trained
the model using al 10 input variables and measured the

performance at that time. We then removed 1 input variable and
trained the model on the same data set using atotal of 9 input
variables and measured the performance. We obtained a total
of 10 results and summarized them in Table 3. For example,
the second row means all variables except fever were used. As
a result, the app-based surveillance turned out to be the most
influential variable, even though it had little effect on specificity.
The second most influential variable was the meteorological
observation data. Interestingly, KCDC surveillance datadid not
seem to have a significant impact. The meteorological factors
and app-based surveillance seemed to compensate for the
exclusion of the KCDC surveillance data from the input
variables.

Table 3. The effects of the removal of each variable from the analysis. “—<Variable>" means that the variable was singularly removed from the list of

variables for the corresponding experiment.

Variable Sengitivity Specificity AUROC? Accuracy NPVP Fq

All 0.8171 0.8425 0.8931 0.8296 0.8163 0.8300
—Sex 0.8510 0.8028 0.8960 0.8273 0.8387 0.8338
—Weight 0.8171 0.8150 0.8832 0.8161 0.8113 0.8189
-Age 0.8333 0.8346 0.8911 0.8339 0.8333 0.8339
—Fever 0.8083 0.8287 0.8882 0.8183 0.8065 0.8191
—Antipyretics 0.8510 0.8058 0.8744° 0.8283 0.8392 0.8350
—Anti-viral agent 0.8304 0.8211 0.8892 0.8258 0.8236 0.8292
~App-based surveillance 0.8215 0.7905 0.8775 0.8063C 0.8103 0.8120¢
_KeDcd surveillance 0.8614 0.7813¢ 0.8892 0.8221 0.8446 0.8313
~Meteorological 0.7950° 0.8486 0.8900 0.8213 0.7997° 0.8191

8AUROC: area under the receiver operating characteristic.
ONPV: negative predictive value.

®The highest decrease in the value for the corresponding column.
4K CDC: Korea Center for Disease Control.
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Another experiment was conducted to observe the performance
changes by defining the base features and adding the variables
one at atime (Table 4). The baseline features used were body
temperature and the antipyretic and antibiotic drug data. We
repeated the analysis by adding each variableto the base features
and observing the performance. In each experiment, a total of
4 input variables was used. Consequently, gender data were
found to dightly decrease the AUC performance (—0.02), but
there was no significant difference between the baseline
performance and the performance modified by the addition of

Choo et a

gender. Weight and age a so displayed no significant differences.
For the variables of meteorological data, app surveillance, and
KCDC laboratory surveillance, each significantly improved the
performance (P<.001). There was no significant difference
between the performance of "baseline features + app
surveillance" and that of "baseline features + meteorological
data’ (P=.48). Similarly, there was no significant difference
between the performance of "baseline features + app
surveillance” and that of "baseline features + KCDC laboratory
survellance" (P=.46)

Table 4. Effect of each variable on the analysis. The baseline included body temperature, antipyretic drug, and antibiotic drug data. “+<variable>"
means that the variable was added to the baseline for the analysis and then removed for the next analysis (noncumulative addition).

Variable Sensitivity Specificity AUROC? Accuracy NPVP Fq

Basdline 0.6018 0.7187 0.7221 0.6592 0.6351 0.6425
+sex 0.5678 0.7401 0.7087 0.6524 0.6229 0.6245
+weight 05734 0.7523 0.7232 0.6619 0.6332 0.6315
+age 0.5634 0.7477 0.7201 0.6539 0.6229 0.6237
+app surveillance 0.8673° 0.7599 0.8808° 0.8146° 0.8467° 0.8264°
+KCDCY sunveillance 0.7670 0.7936° 0.8607 0.7800 0.7666 0.7802
+meteorol ogical 0.8127 0.7470 0.8712 0.7802 0.7961 0.7888

8AUROC: area under the receiver operating characteristic.
ENPV: negative predictive value.

“The highest increase in the value for the corresponding column.
4K CDC: Korea Center for Disease Control.

Finally, we looked at the correlation between the duration of
theinput dataand the screening performance. Figure 5 describes
the associ ation between the duration of body temperature records
and the screening performance. We initially assumed that the
prediction would be more accurate if the user entered more data.

However, in reality, no correlation was found between the
duration of the input data and the screening performance.
Spearman rank correlation coefficient was 0.0916. Thus, the
association was not considered to be statistically significant.

Figure 5. Screening performance versus the number of body temperature records. The y-axis shows the percentage of accuracy, and the x-axis refers

to the number of body temperatures entered by the user.
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Discussion

With this study, we investigated the possibility of screening for
influenza using PGHD, such as body temperature and
medication records collected from an mHealth app.

At the beginning of this study, we did not know whether body
temperature would change when antipyretics were administered,
or if body temperature alone was more important. Although
fever is a major symptom of influenza, it is impossible to
diagnoseinfluenzausing only body temperature changes[24,25].
Therefore, we hypothesized that patients with influenzawould
respond more slowly to antipyretics. To test this hypothesis, we
specifically looked at the difference between the performance
of the model with and without antipyretic administration. There
was agreater change in performance when the antipyretic dose
records were removed from the input variable than when only
the body temperature was removed. Based on these results, we
conclude that the model works as expected. Antibiotic
administration records are another variable that we considered
important. We expected that the antibiotic administration records
and antipyretic administration records would have similar
effects, but antibiotic administration records appeared to limit
the performance. This might have been dueto the ineffectiveness
of antibiotics or unnecessary prescription of antibiotics. In our
data, 1952 of all 6657 users were prescribed antibiotics, and
674 of those who were prescribed drugs were diagnosed with
diseases other than influenza

Body temperature is known to be one of the most important
symptoms of influenza. However, its effect on the model was
not as strong as we expected. A temperature higher than 38.3
°C was recorded at least once during 97.42% (6485/6657)
episodesin our data. This showsthat the majority of users used
the app when their children had a fever, which was the original
purpose of the app. Among the episodes, 50.82% (3296/6485)
were those of influenza, and 49.18% (3189/6485) were due to
other conditions. The mean and variance of body temperature
in the patient group diagnosed with influenza were 38.1519 °C
and 0.8611 °C, respectively; and the mean and variance of body
temperature with other conditions were 38.0449° C and 0.8367
°C. There was a significant difference between the 2 groups
(P<.001). We speculate that because the app focused on fever,
the predictive power of body temperature for influenza was
diminished.

Oneinteresting finding was the effect that sex had on specificity.
Although some studies have shown that there is a differencein
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influenza prevalence by gender, our datafound that the sex ratio
was almost equal, with 1677 males and 1660 femal es diagnosed
withinfluenza. Moreover, when we excluded sex from theinput
variables, the accuracy and F; measure did not significantly
change. We obtained similar results by repeating the ablation
study. Therefore, further research may be needed to clarify this
point.

In summary, age, weight, and gender had little effect on the
screening performance. App-based surveillance has greatly
improved the screening performance and is nearly identical to
using KCDC laboratory surveillance or meteorological data,
which are frequently used as indicators of influenza outbreaks.

This study has severa limitations. First, the training and
validation data used were self-reported by the patients. Most
users reported their diagnosis using their smartphones; thus,
these datawere not reported by clinicians. Therefore, we cannot
ascertain that the same results would be recorded if
hospital-generated data were used. Also, primary care doctors
usually usethe RIDT instead of RT-PCR to diagnoseinfluenza.
Asthe RIDT has low reliability, our ground truth label may be
noisy. For the deep learning model, if the character of the data
on deployment isdlightly different from that of thetraining data,
it isdifficult to achieve the expected performance on validation
due to the difficulties in analyzing the effect of the data
distribution and input variables on the model [35]. Since the
data did not include laboratory results, they are difficult to use
inaclinical setting or for general epidemiological analysis; and
we expect that the application of limited screening teststhrough
the Fever Coach app will be possible with further research. We
are planning to conduct a prospective observational study to
address these limitations. Second, various methods were used
to measure body temperature. Some of the app users used
axillary instead of tympanic temperatures. As there are no
primary blood vessdls in the axilla, the axillary temperatures
areless accurate. This may have influenced the performance of
the model.

Screening for influenza can be challenging due to the low
sensitivity of rapid antigen tests and the lack of proper screening
tests. In this study, we developed a deep learning—based
screening tool using PGHD obtained from an mHealth app. The
experimental results confirm that PGHD from an mHealth app
can be a complementary tool for screening for influenza in
individual patients. Since our digital approach can screen
patients without physical contact, this approach could be quite
beneficial in screening new contagious diseases.

HC implemented the code and performed the experiments. MK and JC manipulated the raw data for preprocessing and designed
the experiments. JS provided the data and designed the experiments. SY S designed the experiments and supervised the study.
All authors wrote the manuscript and discussed the results. HC and MK equally contributed to this work. JS and SYS are
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Conflictsof I nterest

SY S holds stocks in Mobile Doctor, which created the app Fever Coach. SY S also holds stocks in Hurraypositive and Mune,
serves as an outside director in Life Semantics, and is a partner of Digital Healthcare Partners. MK is Chief Medical Information
Officer of Maobile Doctor and has equity in Mobile Doctor. SJW is the founding member and Chief Executive Officer of Mobile

hittp:/Awww.j mir.org/2020/10/e21369/ JMed Internet Res 2020 | vol. 22 | iss. 10 | e21369 | p. 9

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Choo et a

Doctor. SIW is also Chief Executive Officer of Aim Med and a partner in Digital Healthcare Partners. JC was an internship
researcher for Mobile Doctor.

Multimedia Appendix 1

App-based surveillance calculated from user input data.
[XLSX File (Microsoft Excel File), 11 KB-Multimedia Appendix 1]

References

1.

NittasV, Lun P, Ehrler F, Puhan MA, Miitsch M. Electronic Patient-Generated Health Datato Facilitate Disease Prevention
and Health Promotion: Scoping Review. JMed Internet Res 2019 Oct 14;21(10):€13320 [FREE Full text] [doi:
10.2196/13320] [Medline: 31613225]

2. Bhavnani SP, Narula J, Sengupta PP. Mobile technology and the digitization of healthcare. Eur Heart J 2016 May
07;37(18):1428-1438 [ FREE Full text] [doi: 10.1093/eurheartj/ehv770] [Medline: 26873093]

3. La AM, Hsueh PS, Choi YK, Austin RR. Present and Future Trendsin Consumer Health Informatics and Peatient-Generated
Health Data. Yearb Med Inform 2017 Aug;26(1):152-159 [FREE Full text] [doi: 10.15265/1Y-2017-016] [Medline:
29063559]

4.  KallinikosJ, Tempini N. Patient Data as Medical Facts: Social Media Practices as a Foundation for Medical Knowledge
Creation. Information Systems Research 2014 Dec;25(4):817-833. [doi: 10.1287/isre.2014.0544)]

5. Shapiro M, Johnston D, Wald J, Mon D. Patient-Generated Health Data: White Paper. 2012 Apr. URL: https.//www.
healthit.gov/sites/default/files/rti_pghd_whitepaper_april_2012.pdf [accessed 2019-01-04]

6. Nundy S, Lu CE, Hogan P, Mishra A, Peek ME. Using Patient-Generated Health Data From Mobile Technologies for
Diabetes Self-Management Support: Provider Perspectives From an Academic Medical Center. J Diabetes Sci Technol
2014 Jan;8(1):74-82 [FREE Full text] [doi: 10.1177/1932296813511727] [Medline: 24876541]

7.  Greenwood DA, Gee PM, Fatkin KJ, PeeplesM. A Systematic Review of Reviews Evaluating Technol ogy-Enabled Diabetes
Self-Management Education and Support. J Diabetes Sci Technol 2017 Sep;11(5):1015-1027 [FREE Full text] [doi:
10.1177/1932296817713506] [Medline: 28560898]

8.  Milani RV, Lavie CJ, Wilt JK, Bober RM, VenturaHO. New Conceptsin Hypertension Management: A Population-Based
Perspective. Prog Cardiovasc Dis 2016;59(3):289-294. [doi: 10.1016/j.pcad.2016.09.005] [Medline: 27693860]

9. LvN, XiaolL, Simmons ML, Rosas LG, Chan A, Entwistle M. Personalized Hypertension Management Using
Patient-Generated Health Data Integrated With Electronic Health Records (EMPOWER-H): Six-Month Pre-Post Study. J
Med Internet Res 2017 Sep 19;19(9):e311 [FREE Full text] [doi: 10.2196/jmir.7831] [Medline; 28928111]

10. Kim BY, Lee J. Smart Devicesfor Older Adults Managing Chronic Disease: A Scoping Review. IMIR Mhealth Uhealth
2017 May 23;5(5):e69 [FREE Full text] [doi: 10.2196/mhealth.7141] [Medline: 28536089)]

11. Wongkoblap A, Vadillo MA, Curcin V. Researching Mental Health Disordersin the Era of Social Media: Systematic
Review. JMed Internet Res 2017 Jun 29;19(6):e228 [FREE Full text] [doi: 10.2196/jmir.7215] [Medline: 28663166]

12.  Seyhan AA, Carini C. Areinnovation and new technologiesin precision medicine paving anew erain patients centric care?
JTransl Med 2019 Apr 05;17(1):114 [FREE Full text] [doi: 10.1186/s12967-019-1864-9] [Medline: 30953518]

13. AlessaA, Faezipour M. A review of influenza detection and prediction through social networking sites. Theor Biol Med
Model 2018 Feb 01;15(1):2. [doi: 10.1186/s12976-017-0074-5] [Medline: 29386017]

14. Ginsberg J, Mohebbi MH, Patel RS, Brammer L, Smolinski MS, Brilliant L. Detecting influenza epidemics using search
engine query data. Nature 2009 Feb 19;457(7232):1012-1014. [doi: 10.1038/nature07634] [Medline: 19020500]

15. KimM, Yune S, Chang S, Jung Y, Sa SO, Han HW. The Fever Coach Mobile App for Participatory Influenza Surveillance
in Children: Usability Study. IMIR Mhealth Uhealth 2019 Oct 17;7(10):€14276 [FREE Full text] [doi: 10.2196/14276]
[Medline: 31625946]

16. ShinS, Seo D, AnJ, Kwak H, Kim S, Gwack J, et a. High correlation of Middle East respiratory syndrome spread with
Google search and Twitter trendsin Korea. Sci Rep 2016 Sep 06;6:32920 [ FREE Full text] [doi: 10.1038/srep32920]
[Medline: 27595921]

17. SeoD,JoM, SohnCH, shin S, LeeJ, YuM, et a. Cumulative query method for influenza surveillance using search engine
data. JMed Internet Res 2014 Dec 16;16(12):€289 [FREE Full text] [doi: 10.2196/jmir.3680] [Medline: 25517353]

18. Smolinski MS, Crawley AW, BaltrusaitisK, ChunaraR, Olsen JM, Wojcik O, et a. Flu Near You: Crowdsourced Symptom
Reporting Spanning 2 Influenza Seasons. Am JPublic Health 2015 Oct; 105(10):2124-2130. [doi: 10.2105/AJPH.2015.302696]
[Medline: 26270299]

19. Centersfor Disease Control and Prevention. Rapid Influenza Diagnostic Tests. 2016 Oct 25. URL: https.//www.cdc.gov/
flu/professionals/diagnosig/clinician_guidance ridt.htm [accessed 2020-09-22]

20. GrijalvaCG, Poehling KA, Edwards KM, Weinberg GA, Staat MA, Iwane MK, et al. Accuracy and interpretation of rapid
influenza tests in children. Pediatrics 2007 Jan;119(1):e6-11. [doi: 10.1542/peds.2006-1694] [Medline: 17200259]

21. Chartrand C, Leeflang MM, Minion J, Brewer T, Pai M. Accuracy of rapid influenza diagnostic tests. ameta-analysis. Ann
Intern Med 2012 Apr 03;156(7):500-511. [doi: 10.7326/0003-4819-156-7-201204030-00403] [Medline: 22371850]

http://www.jmir.org/2020/10/e21369/ JMed Internet Res 2020 | val. 22 | iss. 10 | €21369 | p. 10

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v22i10e21369_app1.xlsx&filename=74e32439a5c9d2625fd0158ee807b0b8.xlsx
https://jmir.org/api/download?alt_name=jmir_v22i10e21369_app1.xlsx&filename=74e32439a5c9d2625fd0158ee807b0b8.xlsx
https://www.jmir.org/2019/10/e13320/
http://dx.doi.org/10.2196/13320
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31613225&dopt=Abstract
http://europepmc.org/abstract/MED/26873093
http://dx.doi.org/10.1093/eurheartj/ehv770
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26873093&dopt=Abstract
http://www.thieme-connect.com/DOI/DOI?10.15265/IY-2017-016
http://dx.doi.org/10.15265/IY-2017-016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29063559&dopt=Abstract
http://dx.doi.org/10.1287/isre.2014.0544
https://www.healthit.gov/sites/default/files/rti_pghd_whitepaper_april_2012.pdf
https://www.healthit.gov/sites/default/files/rti_pghd_whitepaper_april_2012.pdf
http://europepmc.org/abstract/MED/24876541
http://dx.doi.org/10.1177/1932296813511727
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24876541&dopt=Abstract
http://europepmc.org/abstract/MED/28560898
http://dx.doi.org/10.1177/1932296817713506
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28560898&dopt=Abstract
http://dx.doi.org/10.1016/j.pcad.2016.09.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27693860&dopt=Abstract
https://www.jmir.org/2017/9/e311/
http://dx.doi.org/10.2196/jmir.7831
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28928111&dopt=Abstract
https://mhealth.jmir.org/2017/5/e69/
http://dx.doi.org/10.2196/mhealth.7141
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28536089&dopt=Abstract
https://www.jmir.org/2017/6/e228/
http://dx.doi.org/10.2196/jmir.7215
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28663166&dopt=Abstract
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-019-1864-9
http://dx.doi.org/10.1186/s12967-019-1864-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30953518&dopt=Abstract
http://dx.doi.org/10.1186/s12976-017-0074-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29386017&dopt=Abstract
http://dx.doi.org/10.1038/nature07634
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19020500&dopt=Abstract
https://mhealth.jmir.org/2019/10/e14276/
http://dx.doi.org/10.2196/14276
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31625946&dopt=Abstract
http://dx.doi.org/10.1038/srep32920
http://dx.doi.org/10.1038/srep32920
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27595921&dopt=Abstract
https://www.jmir.org/2014/12/e289/
http://dx.doi.org/10.2196/jmir.3680
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25517353&dopt=Abstract
http://dx.doi.org/10.2105/AJPH.2015.302696
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26270299&dopt=Abstract
https://www.cdc.gov/flu/professionals/diagnosis/clinician_guidance_ridt.htm
https://www.cdc.gov/flu/professionals/diagnosis/clinician_guidance_ridt.htm
http://dx.doi.org/10.1542/peds.2006-1694
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17200259&dopt=Abstract
http://dx.doi.org/10.7326/0003-4819-156-7-201204030-00403
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22371850&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Choo et a

22.

23.

24,

25.

26.

27.
28.

29.

30.

31.

32.
33.

35.

Uyeki T, Prasad R, Vukotich C, Stebbins S, Rinaldo C, Ferng Y, et al. Low sensitivity of rapid diagnostic test for influenza.
Clin Infect Dis 2009 May 01;48(9):e89-€92. [doi: 10.1086/597828] [Medline: 19323628]

Chen S, Chen'Y, Chiang W, Kung H, King C, Lai M, et a. Field performance of clinical case definitions for influenza
screening during the 2009 pandemic. Am J Emerg Med 2012 Nov;30(9):1796-1803. [doi: 10.1016/j.a/em.2012.02.016]
[Medline: 22633701]

Call SA, Vollenweider MA, Hornung CA, Simel DL, McKinney WP. Does this patient have influenza? JAMA 2005 Feb
23;293(8):987-997. [doi: 10.1001/jama.293.8.987] [Medline: 15728170]

Monto AS, Gravenstein S, Elliott M, Colopy M, Schweinle J. Clinical signs and symptoms predicting influenza infection.
Arch Intern Med 2000 Nov 27;160(21):3243-3247. [doi: 10.1001/archinte.160.21.3243] [Medline: 11088084]

Che Z, Purushotham S, Cho K, Sontag D, Liu Y. Recurrent Neural Networks for Multivariate Time Series with Missing
Values. Sci Rep 2018 Apr 17;8(1):6085 [FREE Full text] [doi: 10.1038/s41598-018-24271-9] [Medline: 29666385]
Fever Coach. URL : https.//fevercoach.net/?ang=en [accessed 2020-09-22]

KoreaMeteorological Administration. & 27|73 35 (ASOS). URL.: https://data.kma.go.kr/data/grnd/sel ectAsosRItmL ist.
do?pgmNo=36 [accessed 2020-09-22]

Korean Centre for Disease Control and Prevention. Infectious Disease Portal. URL: http://www.cdc.go.kr/npt/biz/nppl/iss/
influenzaStatisticsMain.do [accessed 2020-09-22]

Centersfor Disease Control and Prevention. How Flu Spreads. 2018. URL : https://www.cdc.gov/flu/about/disease/spread.
htm [accessed 2020-09-22]

Lessler J, Reich NG, Brookmeyer R, Perl TM, Nelson KE, Cummings DA. Incubation periods of acute respiratory viral
infections: a systematic review. Lancet Infect Dis 2009 May;9(5):291-300 [FREE Full text] [doi:
10.1016/S1473-3099(09) 70069-6] [Medline: 19393959]

1SO. ISO 8601 Date And Time Format. URL : https.//www.iso.0rg/iso-8601-date-and-time-format.html [accessed 2020-09-22]
Liu, Liyuan, Jiang, Chen, Weizhu, Liu. On the Variance of the Adaptive Learning Rate and Beyond Internet. arXiv. URL:
https.//arxiv.org/abs/1908.03265 [accessed 2020-09-22]

bmiskkuedu/FeverCoach. GitHub. URL : https://github.com/bmiskkuedu/FeverCoach [accessed 2020-09-24]

Mani S, Sankaran A, Tamilselvam S, Sethi A. Coverage Testing of Deep Learning Models using Dataset Characterization.
arXiv. 2019. URL: https://arxiv.org/abs/1911.07309 [accessed 2020-09-14]

Abbreviations

AUC: areaunder the curve

AUROC: areaunder the receiver operating characteristic
GRU: gated recurrent unit

ILI: influenza-likeillness

KCDC: Korea Center for Disease Control

MERS: Middle East respiratory syndrome

mHealth: mobile health

NPV: negative predictive value

PGHD: patient-generated health data

PPV: positive predictive value

RIDT: rapid influenza diagnostic test

ROC: receiver operating characteristic

RT-PCR: reverse transcription-polymerase chain reaction

Edited by G Eysenbach; submitted 12.06.20; peer-reviewed by IH Kwon, CM Choi; comments to author 20.07.20; revised version
received 16.08.20; accepted 18.08.20; published 29.10.20

Please cite as:

Choo H, KimM, Choi J, Shin J, Shin SY

Influenza Screening via Deep Learning Using a Combination of Epidemiological and Patient-Generated Health Data: Devel opment
and Validation Sudy

J Med Internet Res 2020;22(10): e21369

URL: http://www.jmir.org/2020/10/e21369/

doi: 10.2196/21369

PMID: 33118941

http://www.jmir.org/2020/10/e21369/ JMed Internet Res 2020 | vol. 22 | iss. 10 | €21369 | p. 11

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1086/597828
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19323628&dopt=Abstract
http://dx.doi.org/10.1016/j.ajem.2012.02.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22633701&dopt=Abstract
http://dx.doi.org/10.1001/jama.293.8.987
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15728170&dopt=Abstract
http://dx.doi.org/10.1001/archinte.160.21.3243
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11088084&dopt=Abstract
http://dx.doi.org/10.1038/s41598-018-24271-9
http://dx.doi.org/10.1038/s41598-018-24271-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29666385&dopt=Abstract
https://fevercoach.net/?lang=en
https://data.kma.go.kr/data/grnd/selectAsosRltmList.do?pgmNo=36
https://data.kma.go.kr/data/grnd/selectAsosRltmList.do?pgmNo=36
http://www.cdc.go.kr/npt/biz/npp/iss/influenzaStatisticsMain.do
http://www.cdc.go.kr/npt/biz/npp/iss/influenzaStatisticsMain.do
https://www.cdc.gov/flu/about/disease/spread.htm
https://www.cdc.gov/flu/about/disease/spread.htm
http://europepmc.org/abstract/MED/19393959
http://dx.doi.org/10.1016/S1473-3099(09)70069-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19393959&dopt=Abstract
https://www.iso.org/iso-8601-date-and-time-format.html
https://arxiv.org/abs/1908.03265
https://github.com/bmiskkuedu/FeverCoach
https://arxiv.org/abs/1911.07309
http://www.jmir.org/2020/10/e21369/
http://dx.doi.org/10.2196/21369
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33118941&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Choo et a

©Hyunwoo Choo, Myeongchan Kim, Jiyun Choi, Jaewon Shin, Soo-Yong Shin. Originally published in the Journal of Medical
Internet Research (http://www.jmir.org), 29.10.2020. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research, is properly

cited. The complete bibliographic information, alink to the original publication on http://www.jmir.org/, aswell asthis copyright
and license information must be included.

http://www.jmir.org/2020/10/e21369/ JMed Internet Res 2020 | vol. 22 | iss. 10 | €21369 | p. 12
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

