
RESEARCH ARTICLE Open Access

Comparison of crowd-sourced, electronic
health records based, and traditional
health-care based influenza-tracking
systems at multiple spatial resolutions in
the United States of America
Kristin Baltrusaitis1,2* , John S. Brownstein1,3, Samuel V. Scarpino4, Eric Bakota5, Adam W. Crawley6,
Giuseppe Conidi7, Julia Gunn7, Josh Gray8, Anna Zink8 and Mauricio Santillana1,3*

Abstract

Background: Influenza causes an estimated 3000 to 50,000 deaths per year in the United States of America (US).
Timely and representative data can help local, state, and national public health officials monitor and respond to
outbreaks of seasonal influenza. Data from cloud-based electronic health records (EHR) and crowd-sourced
influenza surveillance systems have the potential to provide complementary, near real-time estimates of influenza
activity. The objectives of this paper are to compare two novel influenza-tracking systems with three traditional
healthcare-based influenza surveillance systems at four spatial resolutions: national, regional, state, and city, and to
determine the minimum number of participants in these systems required to produce influenza activity estimates
that resemble the historical trends recorded by traditional surveillance systems.

Methods: We compared influenza activity estimates from five influenza surveillance systems: 1) patient visits for
influenza-like illness (ILI) from the US Outpatient ILI Surveillance Network (ILINet), 2) virologic data from World
Health Organization (WHO) Collaborating and National Respiratory and Enteric Virus Surveillance System (NREVSS)
Laboratories, 3) Emergency Department (ED) syndromic surveillance from Boston, Massachusetts, 4) patient visits for
ILI from EHR, and 5) reports of ILI from the crowd-sourced system, Flu Near You (FNY), by calculating correlations
between these systems across four influenza seasons, 2012–16, at four different spatial resolutions in the US. For the
crowd-sourced system, we also used a bootstrapping statistical approach to estimate the minimum number of
reports necessary to produce a meaningful signal at a given spatial resolution.

Results: In general, as the spatial resolution increased, correlation values between all influenza surveillance systems
decreased. Influenza-like Illness rates in geographic areas with more than 250 crowd-sourced participants or with
more than 20,000 visit counts for EHR tracked government-lead estimates of influenza activity.

Conclusions: With a sufficient number of reports, data from novel influenza surveillance systems can complement
traditional healthcare-based systems at multiple spatial resolutions.
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Background
Every year influenza epidemics are responsible for sub-
stantial clinical and economic burdens in the United
States of America (US) [1]. Consequently, local, state, and
national health authorities require quantitative evidence
that is timely and representative to make informed deci-
sions regarding the selection and allocation of resources.
The Centers for Disease Control and Prevention (CDC), a
governmental agency, has been continuously collecting in-
formation on the number of outpatient visits for
influenza-like illness (ILI) from a diverse network of
healthcare providers as well as on the number of
influenza-positive lab specimens from public health and
clinical laboratories across the US for multiple decades
[2]. Although influenza surveillance occurs throughout
the calendar year, the influenza season is defined by the
Morbidity and Mortality Weekly Report (MMWR) week
40 through week 20, which corresponds with months Oc-
tober through May. Due to the time to collect, process,
and aggregate this information, CDC influenza surveil-
lance reports are traditionally published with a 1–2 week
delay. Alternative data sources that are available in
near-real time may aid in the design, initiation, or com-
munication of timely strategies and mitigate the impact of
influenza.
Over the past decade, Internet-based technologies

have been explored as new ways to monitor influenza
activity and provide more immediate estimates of disease
activity. These Internet-based technologies include
systems such as Yahoo [3], Google [4–6], Baidu [7],
Twitter posts [8–10], clinicians’ database queries [11],
cloud-based Electronic Health Records (EHR) [12], and
online participatory cohorts that allow individuals to re-
port symptoms [13–15]. The ability of these novel
Internet-based and crowd-sourced approaches to com-
plement, track, and forecast traditional provider-based
influenza surveillance systems has been established at
the national and regional levels in the US [12, 15–20].
However, because characteristics of activity may differ
across states and sub-populations [21], further investiga-
tion of these novel systems is essential at finer spatial
resolutions [22].
In this paper, we evaluate two novel influenza-

tracking systems, athenahealth, a cloud-based EHR-
based system, and Flu Near You (FNY), a crowd-
sourced system. Founded in 1997, athenahealth is a
provider of cloud-based services and mobile applica-
tions for medical groups and health systems. Similar
to traditional health-care based surveillance systems,
athenahealth collects data on individuals who seek
medical care. Because athenahealth’s network is
cloud-based, the proportion of patients with ILI
symptoms in their national network of providers can
be estimated in near real-time, potentially providing

estimates of influenza activity faster than the national
surveillance systems (https://insight.athenahealth.com/
flu-dashboard-2016). Flu Near You is an online
crowd-sourced surveillance system that allows volun-
teers in the US and Canada to report weekly if they
have experienced ILI symptoms [15]. The majority
(65%) of FNY respondents who report ILI do not
seek medical attention, therefore, this system captures
illness activity among a population not routinely in-
cluded among the other healthcare-based systems
considered in this paper.
The objectives of this paper are to assess whether

these novel systems, EHR and crowd-sourced, correlate
with traditional influenza surveillance systems across
multiple spatial resolutions with different sample sizes
and to determine the minimum number of visits or re-
ports necessary in each of these novel systems to pro-
duce influenza activity estimates that resemble the
historical trends recorded by traditional surveillance sys-
tems for a given spatial resolution.

Methods
Data
Electronic health records (EHR) from athenahealth
Weekly state-aggregated counts of total visits, influ-
enza vaccine visits, influenza visits, ILI visits, and un-
specified viral or ILI visits were provided by the
athenahealth research team for the time period of
2012–16 (http://www.athenahealth.com). For the ana-
lysis presented in this paper, ILI was defined as Un-
specified Viral or ILI Visit Count, which included the
number of visits where the patient had an unspecified
viral diagnosis, an influenza diagnosis, or a fever diag-
nosis with an accompanying sore throat or cough
diagnosis. Influenza-Like Illness rates for a given loca-
tion were calculated by dividing the Unspecified Viral
or ILI Visit Count by the total number of visits.

Crowd-sourced from flu near you
Flu Near You was created in 2011 through collaboration
between HealthMap of Boston Children’s Hospital and
the Skoll Global Threats Fund (https://flunearyou.org/).
[15] This system maintains a website and mobile appli-
cation that allows volunteers in the United States and
Canada to report the health information of the user and
their family using a brief weekly survey. Flu Near You
ILI rates were calculated by dividing the number of par-
ticipants reporting ILI, defined by a symptom report of
fever plus cough and/or sore throat, in a given week, by
the total number of FNY participant reports in that
same week at each spatial resolution. Participants were
aggregated at each spatial resolution using the zip code
provided at registration for the time-period of 2012–16.
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CDC ILINet national/regional/state
Information on patient visits to health care providers
for ILI is collected through the US Outpatient
Influenza-like Illness Surveillance Network (ILINet,
https://www.cdc.gov/flu/weekly/overview.htm) [2]. For
this system, ILI was defined as fever (temperature of
37.8 °C [100 °F] or greater) and a cough and/or a sore
throat without a known cause other than influenza.
Weighted percent ILI, calculated by weighting the per-
centage of patient visits to healthcare providers for ILI
reported each week on the basis of state population,
was used as the influenza activity measure. For regional
analyses, we used the ten Health and Human Services
(HHS) defined regions. Each region consists of three to
eight US states or territories.

CDC virology
Virological influenza surveillance data is collected through
participating US World Health Organization (WHO) Col-
laborating Laboratories and National Respiratory and En-
teric Virus Surveillance System (NREVSS) laboratories
located throughout the US. The number of specimens test-
ing positive for influenza was used in these analyses [2].

Boston epidemiological data
The Boston Public Health Commission (BPHC) has
operated a syndromic surveillance system since 2004.
All nine acute care Boston hospitals electronically
send limited data for all emergency department (ED)
visits every 24 h. Data sent includes visit date, chief
complaint, zip code of residence, age, gender, and
race/ethnicity. Influenza-Like Illness visits were de-
fined as fever and a cough or sore throat using chief
complaints. Greater Boston was defined as zip codes
associated with Suffolk, Norfolk, Middlesex, Essex,
and Plymouth counties. These zip codes are associ-
ated with over 90% of Boston ED visits.
Influenza-Like Illness rates for Greater Boston were
calculated by using the number of ILI visits divided
by the total number of ED visits.

Statistical analysis
Correlation with traditional influenza surveillance systems
across multiple spatial resolutions with different sample sizes
We used Pearson correlations to compare EHR and
crowd-sourced ILI rates to ILI rates from ILINet along
with the number of specimens testing positive for influ-
enza from the virologic surveillance system. Correlations
were calculated at the national and HHS-defined re-
gional resolutions during the time period of October 1,
2012 through May 21, 2016, and for each of the four in-
dividual influenza seasons within this time period
(MMWR weeks 40 to 20) separately. We also present
comparisons of EHR to CDC ILINet for 46 states and

comparisons of crowd-sourced ILI to CDC ILINet for 49
states that voluntarily provided historic data across all
seasons. Finally, crowd-sourced ILI rates were also com-
pared to ILI rates estimated from ED visits in the
Greater Boston area. Boston was chosen as a pilot city
because of the large FNY user base and availability of
data. Electronic Health Record data at this spatial reso-
lution was not available.
Spatial resolutions were classified into three author-

defined categories based on correlation values with CDC
ILINet across all seasons. Spatial resolutions with correla-
tions less than 0.5 were classified as “poor”, spatial resolu-
tions with correlations between 0.5 and 0.70 were classified
as “good”, and spatial resolutions with correlations greater
than or equal to 0.70 were classified as “excellent”. Data
were analyzed using R, version 3.3.2, [23] and descriptive
statistics are presented as median (Interquartile Range,
IQR).

Bootstrapping approach to estimate the minimum number
of crowd-sourced reports necessary to produce estimates
that resemble the historical government-lead surveillance
system trends
As above, weekly ILI rates from the crowd-sourced sys-
tem were compared to weighted ILI rates from CDC
ILINet and the number of specimens testing positive for
influenza at national and regional resolutions during the
2015–16 influenza season. State and city resolutions
were not included in this analysis because the
crowd-sourced user base was not large enough. At the
national level, Pearson correlations were calculated for
subsets of the crowd-sourced data from 0.1 to 15% of
the full dataset in increments of 0.1%, and at the re-
gional level, Pearson correlations were calculated from 1
to 100% of the full dataset in increments of 1%. This
process was repeated 1000 times using sampling with re-
placement (bootstrapping), stratified by week at each
spatial resolution. The 95% confidence intervals were
calculated by ordering the Pearson correlation coeffi-
cients and selecting the 2.5th and 97.5th percentiles.
This method was not performed for EHR because avail-
able data was aggregated at the state level.

Results
Correlation with traditional influenza surveillance systems
across multiple spatial resolutions with different sample
sizes
Electronic health records
Pearson correlations between CDC ILINet and EHR
and mean weekly visits at all spatial resolutions are
shown in Additional file 1: Table S1. Across all sea-
sons, the national mean weekly visits was 863,361,
and the national correlation was 0.97. At the regional
level, the median of the mean weekly visits was
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69,077 (IQR: 26,584, 126,455). Region 7 (Iowa, Kan-
sas, Missouri, and Nebraska) had the smallest mean
weekly visits (10,177) and Region 4 (Alabama, Florida,
Georgia, Kentucky, Mississippi, North Carolina, South
Carolina, and Tennessee) had the largest mean weekly
visits (195,142). The median regional correlation was
0.93 (IQR: 0.91, 0.95), and all regions were classified
as “excellent”. At the state level, the median of the
mean weekly visits was 11,840 (IQR: 4204, 30,740),
and the median correlation was 0.86 (IQR: 0.80, 0.92).
Using the cutoff values defined in the methods sec-
tions, 41 of the states with data available were classi-
fied as “excellent” and five were classified as “good”.

Crowd-sourced reports
Pearson correlations of crowd-sourced ILI rates versus
CDC ILINet and BPHC as well as mean weekly
reports at all spatial resolutions are shown in
Additional file 1: Table S2. The national mean weekly
reports across all seasons was 9699, and the

correlation was 0.81. At the regional level, the median
of the mean weekly reports was 889 (IQR: 707, 1157).
Region 7 had the smallest mean number of weekly re-
ports (415), and Region 4 had the largest mean num-
ber of weekly reports (1798). The median correlation
was 0.74 (IQR: 0.73, 0.76). Across all seasons, 9 re-
gions were classified as “excellent” and one region
was classified as “good”. The median of the mean
weekly reports at the state level was 128 (IQR: 57,
263), and the median correlation with CDC ILINet
was 0.55 (IQR: 0.43, 0.63). Two states, Massachusetts
and California, were classified as “excellent”, 26 states
were classified as “good”, and 21 states were classified
as “poor”.
Fig. 1a and b display correlations across all seasons

plotted as a function of the mean weekly visits (EHR) or
mean weekly reports (FNY). As shown in this figure, in
general, correlation values increased as the mean
weekly visits or reports increased for both EHR and
crowd-sourced at all the regional and state resolutions

A B

C D

Fig. 1 a Correlation of EHR (blue) with CDC ILINet by mean visits at the regional and state resolution across all seasons (b) Correlation of the
crowd-sourced system (red) with CDC ILINet and BPHC (star) by mean reports at the regional, state, and city resolutions across all seasons (c) EHR
correlation category (blue) by percent of total visits (d) Crowd-sourced correlation category (red) by percent of total reports
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across all seasons. For EHR, spatial resolutions with
at least 2.5% (approximately 20,000/863,361) of total
weekly visits are more likely to be classified as “excel-
lent” compared to “good” or “poor” (Fig. 1c). Spatial
resolutions with at least 2.5% (approximately 250/
9699) of total weekly crowd-sourced reports are more
likely to be classified as “good” compared to “poor”,
and spatial resolutions with at least 5% (approxi-
mately 500/9699) of weekly crowd-sourced reports are
more likely to be classified as “excellent” compared to
“good” or “poor” (Fig. 1d).
Figure 2 provides the time series of CDC ILINet,

BPHC, EHR, and crowd-sourced (FNY) ILI rates and
CDC number viral specimens across all seasons at four
spatial resolutions: National, Region 1 (Connecticut,
Maine, Massachusetts, New Hampshire, Rhode Island,
and Vermont), Massachusetts, and Greater Boston. Al-
though the amount of noise increases as the spatial reso-
lution increases and the mean weekly visits or reports
decrease, a meaningful signal is retained for both EHR
and crowd-sourced ILI rates.

Bootstrapping approach to estimate the minimum number
of crowd-sourced reports necessary to produce estimates
that resemble the historical government-lead surveillance
system trends
During the 2015–16 influenza season, a total of
401,993 crowd-sourced reports were collected in the
US, corresponding to a weekly average of 12,182 re-
ports. The Pearson correlation coefficients during the
2015–16 influenza seasons for the full crowd-sourced
dataset and CDC ILINet and the number of
viral-positive specimens were 0.84 and 0.92, respect-
ively. Figure 3a shows the mean Pearson correlation
coefficient and 95% CI of 1000 bootstrap runs be-
tween the crowd-sourced system and both CDC ILI-
Net and the number of viral-positive specimens for
increasing weekly reports. As shown in this figure,
the correlation coefficient increases as the number of
weekly reports increases, but the rate of growth slows
around 250 weekly reports. Although the crowd-
sourced data appear to correlate more strongly with
virological data during this influenza season, this

Fig. 2 Percent ILI for CDC ILINet (black), EHR (blue), crowd-sourced FNY (red), and BPHC (purple) as well as number of viral specimens (green) as
a function of time for National, Region 1, Massachusetts, and Greater Boston spatial resolutions

Baltrusaitis et al. BMC Infectious Diseases  (2018) 18:403 Page 5 of 8



pattern is not consistent across all seasons and re-
gions (Additional file 1: Table S3). The correlations
for 1800 weekly crowd-sourced reports (approximately
10%) were 0.80 and 0.86 for CDC ILINet and CDC
number of viral-positive specimens, respectively. At
an arbitrary cut-off value of 250 weekly reports, the
correlation between the crowd-sourced system and
CDC ILINet was approximately 0.60, and the correl-
ation between the crowd-sourced system and the
number of viral-positive specimens was 0.65. When
the number of reports is less than this value, correl-
ation coefficients drop-off sharply. A similar pattern
is shown at the regional level (Fig. 3b). Although
some regions reach saturation at higher correlations
than other regions, there is non-linear growth in the
correlation coefficient until estimates include approxi-
mately 250 weekly reports.

Discussion
Traditional surveillance systems currently used by gov-
ernmental agencies are robust, well accepted, and pro-
vide the best basis for tracking influenza activity.
However, because estimates only include individuals
who visit a medical care facility and there is typically a
delay from onset of patient symptoms to final publica-
tion of reports, alternative data sources have the poten-
tial to minimize these delays in reporting and
complement these traditional systems. Although there is
still a time delay from onset of patient symptoms to
presentation at a health-care provider, the EHR
cloud-based system allows symptom reports to be aggre-
gated in near-real time. On the other hand, the
crowd-sourced system does not include the same time
delay as health-care based systems and captures individ-
uals who do not seek medical care. However, while

participants have the option to report symptoms the
same day as onset, most participants do not report until
they receive the weekly reminder and data is typically
aggregated once a week.
For both EHR and crowd-sourced ILI, as the number

of total reports increases, the correlations with trad-
itional ILI estimates from governmental agencies also in-
crease. However, EHR data showed higher correlations
with CDC ILINet and the number of viral-positive speci-
mens compared to crowd-sourced data at similar spatial
resolutions. EHR correlations with CDC ILINet are close
to one, which shows that healthcare-based influenza sur-
veillance with different data capture strategies lead to
similar ILI incidence curves. Although both EHR and
the CDC use data from patients seeking medical atten-
tion, the proportion of visit settings differs slightly be-
tween the two systems, with emergency department
visits being under-represented in the EHR. On the other
hand, crowd-sourced correlations with CDC ILINet
never reach a correlation of one. Instead, crowd-sourced
correlations converge to approximately 0.8–0.9, as
shown using both empirical and theoretical approaches.
A similar observation was observed when comparing
methods of provider recruitment in Texas [24]. This dif-
ference in correlation saturation may be a result of dif-
ferences in the activity being measured (e.g. ILI reports
out of all persons enrolled vs. visits with ILI out of the
total number of patient visits) and the population under
surveillance, as the crowd-sourced population includes
individuals who may not seek medical attention. Based
on preliminary analyses, we estimate that approximately
65% of the FNY population who reported ILI symptoms
did not seek medical attention. The Italian crowd-
sourced counterpart, INFLUWEB, has also reported that
approximately two thirds of their participants did not

A B

Fig. 3 Correlation between bootstrapped samples of crowd-sourced (FNY) estimated percent ILI and observed percent ILI, as reported by the
CDC ILINet (red) and the number of viral-positive specimens (green) at the national resolution (a) with 95% Confidence Intervals (CI) and the
regional resolution (b) for the 2015–16 influenza season
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seek medical assistance [25]. Furthermore, studies in the
US have shown that approximately 40% of individuals
with ILI seek healthcare [26]. The crowd-sourced
population also differs by demographics. Females and
middle-aged individuals are over-represented in the
crowd-sourced population [27]. In addition, crowd-
sourced estimates can be affected by media attention
and by user participation. For example, the large peak
observed in January 2013 occurred after FNY was
featured in NBC’s Nightly News with Brian Williams.
Investigators have applied a few methods to adjust for
these reporting biases, including dropping first reports
and a spike-detector method [15]. We did not adjust for
these biases in this paper.
In general, both crowd-sourced and EHR ILI rates

showed higher correlations with CDC ILINet compared
to the number of viral-positive specimens at the national
and regional resolutions (Additional file 1: Table S3).
One interesting pattern to note is that when using the
bootstrap resampling approach, crowd-sourced correla-
tions with CDC laboratory confirmed influenza speci-
mens reaches the saturation faster than correlations with
CDC ILINet. This pattern is also evident at the regional
resolution.
Based on the results from this study, we estimate that

ILI rates from EHR and crowd-sourced data track trad-
itional ILI estimates from governmental agencies at
spatial resolutions that have at least 20,000 weekly EHR
visits and 250 weekly crowd-sourced reports. Some
spatial resolutions are not well represented in the in-
cluded novel systems. During the 2015–16 influenza sea-
son, for example, 47 states were represented in this EHR
network and 26 of these states reached the 20,000
threshold. Although all 50 states are represented in the
crowd-sourced system, 32 states did not reach the 250
weekly report threshold during the 2015–16 influenza
season. In addition, the geographic distribution of
crowd-sourced reports shows large gaps of information
especially in the middle and southern areas of the US,
and participants tend to cluster around large urban
areas, with especially large user bases in the greater
metropolitan areas surrounding Boston, New York City,
and San Francisco. Flu Near You has made recent efforts
to recruit new users through online media campaigns
through Facebook, and other previously successful re-
cruitment strategies, such as encouraging current users
to recruit friends and colleagues to join, [28] can be
easily employed.
Ideally, we would want to compare ILI rates from

crowd-sourced reports to laboratory confirmed influenza
cases in the general population. Currently, the CDC pro-
vides yearly estimates of seasonal influenza burden in
the general population using laboratory-confirmed
influenza-associated hospitalization rates from their

Influenza Hospital Surveillance Network (FluSurv-NET).
However, they do not provide weekly estimates to the
public of laboratory-confirmed influenza burden. Al-
though the mechanisms of capture differ between the
syndromic systems, the general seasonal trends are simi-
lar and provide valuable information about changes in
influenza activity.

Conclusions
Our findings suggest that both EHR and crowd-sourced
ILI estimates correlate with ILI estimates from trad-
itional influenza surveillance systems in various spatial
resolutions with a sufficient number of visits or reports.
Spatial resolutions with at least 250 mean weekly
crowd-sourced reports display correlations higher than
0.5 with traditional influenza surveillance systems. Fur-
thermore, spatial resolutions with approximately 20,000
weekly EHR visit counts consistently show correlations
greater than 0.7 with traditional influenza surveillance
systems. As the FNY user base and availability of EHR
data are increased throughout the US, these internet-
based surveillance tools may become a complementary
way to timely monitor influenza activity, especially in
populations who do not access health care systems, areas
with limited surveillance data, and community based
populations.

Additional file

Additional file 1 Table S1. Pearson correlations between EHR and CDC
ILINet and average weekly EHR visits at the national, regional, and state
resolutions. Table S2. Pearson correlations between Crowd-sourced and
CDC ILINet/BPHC and average weekly crowd-sourced reports at the national,
regional, state, and state resolutions. Table S3. Pearson correlations between
CDC number positive viral reports and EHR, crowd-sourced (FNY), and CDC
ILINet. (DOCX 81 kb)

Abbreviations
BPHC: Boston Public Health Commission; CDC: Centers for disease control
and prevention; ED: Emergency department; EHR: Electronic health records;
FluSurv-NET: Influenza Hospital Surveillance Network; FNY: Flu near you;
HHS: Health and human services; ILI: Influenza-like illness; ILINet: US
outpatient influenza-like illness surveillance network; IQR: Interquartile range;
MMWR: Morbidity and mortality weekly report; NREVSS: National respiratory
and enteric virus surveillance system; US: United States of America;
WHO: World Health Organization

Acknowledgements
We acknowledge Matthew Biggerstaff for his insightful comments and
contributions to the content and clarity of the manuscript. We also thank all of
the participants who contributed their time and information to the FNY system.

Funding
Funding provided by National Institute of Health/GMS (T32GM074905 to KB)
and Skoll Global Threats Fund.

Availability of data and materials
The datasets used and/or analyzed during the current study are available
from the corresponding author on request.

Baltrusaitis et al. BMC Infectious Diseases  (2018) 18:403 Page 7 of 8

https://doi.org/10.1186/s12879-018-3322-3


Authors’ contributions
KB, MS, AWC, SVS, EB, and JSB conceived the research. KB and EB conducted
the statistical analysis. KB, MS, AWC, GC, and JGu drafted the manuscript. GC,
JGu, JGr, and AZ made substantial contributions to the acquisition and
collection of data. All authors critically revised the intellectual content of the
manuscript and approved the final version.

Ethics approval and consent to participate
The institutional review board at the Office of Clinical Investigations at
Boston Children’s Hospital approved FNY for expedited continuing approval
and received a waiver of informed consent.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Author details
1Computational Health Informatics Program, Boston Children’s Hospital,
Boston, MA 02115, USA. 2Department of Biostatistics, Boston University
School of Public Health, 801 Massachusetts Avenue 3rd Floor, Boston, MA
02118, USA. 3Harvard Medical School, Boston, MA 02115, USA. 4Department
of Mathematics and Statistics, University of Vermont, Vermont, USA. 5City of
Houston Health Department, Houston, TX 77054, USA. 6Skoll Global Threats
Fund, San Francisco, CA, USA. 7Boston Public Health Commission, Boston,
MA, USA. 8athenaResearch at athenahealth, Watertown, MA, USA.

Received: 17 August 2017 Accepted: 9 August 2018

References
1. Molinari NAM, Ortega-Sanchez IR, Messonnier ML, Thompson WW, Wortley

PM, Weintraub E, et al. The annual impact of seasonal influenza in the US:
measuring disease burden and costs. Vaccine. 2007;25:5086–96.

2. Overview of Influenza Surveillance in the United States. Centers for Disease
Control and Prevention. https://www.cdc.gov/flu/weekly/overview.htm.
Accessed 1 Jan 2017.

3. Polgreen PM, Chen Y, Pennock DM, Nelson FD, Weinstein RA. Using internet
searches for influenza surveillance. Clin Infect Dis. 2008;47:1443–8. https://
doi.org/10.1086/593098.

4. Ginsberg J, Mohebbi MH, Patel RS, Brammer L, Smolinski MS, Brilliant L.
Detecting influenza epidemics using search engine query data. Nature.
2009;457:1012–4. https://doi.org/10.1038/nature07634

5. Yang S, Santillana M, Kou SC. Accurate estimation of influenza epidemics
using Google search data via ARGO. Proc Natl Acad Sci. 2015;112:14473–8.
https://doi.org/10.1073/pnas.1515373112.

6. Eysenbach G. Infodemiology: tracking flu-related searches on the web for
syndromic surveillance. AMIA Annu Symp Proc. 2006;:244–8. doi:
PMC1839505.

7. Yuan Q, Nsoesie EO, Lv B, Peng G, Chunara R, Brownstein JS. Monitoring
influenza epidemics in China with search query from baidu. PLoS One.
2013;8:e64323. https://doi.org/10.1371/journal.pone.0064323.

8. Signorini A, Segre AM, Polgreen PM. The use of Twitter to track levels of
disease activity and public concern in the U.S. during the influenza A H1N1
pandemic. PLoS One. 2011;6:e19467. https://doi.org/10.1371/journal.pone.
0019467.

9. Paul MJ, Dredze M, Broniatowski D. Twitter improves influenza forecasting.
PLoS Curr. 2014;6:1–13. https://doi.org/10.1371/currents.outbreaks.
90b9ed0f59bae4ccaa683a39865d9117.

10. Chen L, Tozammel Hossain KSM, Butler P, Ramakrishnan N, Prakash BA.
Syndromic surveillance of Flu on Twitter using weakly supervised temporal
topic models. Data Min Knowl Discov. 2015.

11. Santillana M, Nsoesie EO, Mekaru SR, Scales D, Brownstein JS. Using
clinicians’ search query data to monitor influenza epidemics. Clin Infect Dis.
2014;59:1446–50.

12. Santillana M, Nguyen AT, Louie T, Zink A, Gray J, Sung I, et al. Cloud-based
Electronic Health Records for Real-time, Region-specific Influenza
Surveillance. Sci Rep. 2016;6 April:25732. doi:https://doi.org/10.1038/
srep25732.

13. Carlson SJ, Dalton CB, Durrheim DN, Fejsa J. Online Flutracking survey of
influenza-like illness during pandemic (H1N1) 2009. Australia Emerg Infect
Dis. 2010;16:1960–2.

14. Paolotti D, Carnahan A, Colizza V, Eames K, Edmunds J, Gomes G, et al.
Web-based participatory surveillance of infectious diseases: the Influenzanet
participatory surveillance experience. Clin Microbiol Infect. 2014;20:17–21.
https://doi.org/10.1111/1469-0691.12477.

15. Smolinski MS, Crawley AW, Baltrusaitis K, Chunara R, Olsen JM, Wójcik O, et
al. Flu near you: crowdsourced symptom reporting spanning 2 influenza
seasons. Am J Public Health. 2015;105:2124–30. https://doi.org/10.2105/
AJPH.2015.302696.

16. van Noort SP, Codeço CT, Koppeschaar CE, van Ranst M, Paolotti D, Gomes
MGM. Ten-year performance of Influenzanet: ILI time series, risks, vaccine
effects, and care-seeking behaviour. Epidemics. 2015;13:28–36. https://doi.
org/10.1016/j.epidem.2015.05.001.

17. Santillana M, Nguyen AT, Dredze M, Paul MJ, Nsoesie EO, Brownstein JS.
Combining search, social media, and traditional data sources to improve
influenza surveillance. PLoS Comput Biol. 2015;11:e1004513. https://doi.org/
10.1371/journal.pcbi.1004513.

18. Shaman J, Karspeck A. Forecasting seasonal outbreaks of influenza. Proc Natl
Acad Sci U S A. 2012;109:20425–30. https://doi.org/10.1073/pnas.
1208772109.

19. Cook S, Conrad C, Fowlkes AL, Mohebbi MH. Assessing Google flu trends
performance in the United States during the 2009 influenza virus a (H1N1)
pandemic. PLoS One. 2011;6:1–8.

20. Olson DR, Konty KJ, Paladini M, Viboud C, Simonsen L. Reassessing Google
flu trends data for detection of seasonal and pandemic influenza: a
comparative epidemiological study at three geographic scales. PLoS
Comput Biol. 2013;9:e1003256.

21. Lipsitch M, Finelli L, Heffernan RT, Leung GM, Redd SC. Group for the 2009
HS. Improving the evidence base for decision making during a pandemic:
the example of 2009 influenza a/H1N1. Biosecur Bioterror. 2011;9:89–115.
https://doi.org/10.1089/bsp.2011.0007.

22. Althouse BM, Scarpino SV, Meyers LA, Ayers JW, Bargsten M, Baumbach J, et
al. Enhancing disease surveillance with novel data streams: challenges and
opportunities. EPJ Data Sci. 2015;4:1–8. https://doi.org/10.1140/epjds/
s13688-015-0054-0.

23. R Core Team (R Foundation for Statistical Computing). R: A Language and
Environment for Statistical Computing. 2016. https://www.r-project.org/.

24. Scarpino SV, Dimitrov NB, Meyers LA. Optimizing provider recruitment for
influenza surveillance networks. PLoS Comput Biol. 2012;8:e1002472. https://
doi.org/10.1371/journal.pcbi.1002472.

25. Guerrisi C, Turbelin C, Blanchon T, Hanslik T, Bonmarin I, Levy-Bruhl D, et al.
Participatory syndromic surveillance of influenza in Europe. J Infect Dis.
2016;214(suppl 4):S386–92. https://doi.org/10.1093/infdis/jiw280.

26. Fry M, Balluz L, Finelli L. HHS Public Access. 2015;210:535–44.
27. Baltrusaitis K, Santillana M, Crawley AW, Chunara R, Smolinski M, Brownstein

JS. Determinants of participants’ follow-up and characterization of
representativeness in flu near you, a participatory disease surveillance
system. JMIR public Heal Surveill. 2017;3:e18. https://doi.org/10.2196/
publichealth.7304.

28. Dalton C, Carlson SJ, Butler MT, Cassano D, Clarke S, Fejsa J, et al. Insights
from Flutracking – 12 tips to growing an online participatory surveillance
system. JMIR public Heal Surveill. 2017;

Baltrusaitis et al. BMC Infectious Diseases  (2018) 18:403 Page 8 of 8

https://www.cdc.gov/flu/weekly/overview.htm
https://doi.org/10.1086/593098
https://doi.org/10.1086/593098
https://doi.org/10.1038/nature07634
https://doi.org/10.1073/pnas.1515373112
https://doi.org/10.1371/journal.pone.0064323
https://doi.org/10.1371/journal.pone.0019467
https://doi.org/10.1371/journal.pone.0019467
https://doi.org/10.1371/currents.outbreaks.90b9ed0f59bae4ccaa683a39865d9117
https://doi.org/10.1371/currents.outbreaks.90b9ed0f59bae4ccaa683a39865d9117
https://doi.org/10.1038/srep25732
https://doi.org/10.1038/srep25732
https://doi.org/10.1111/1469-0691.12477
https://doi.org/10.2105/AJPH.2015.302696
https://doi.org/10.2105/AJPH.2015.302696
https://doi.org/10.1016/j.epidem.2015.05.001
https://doi.org/10.1016/j.epidem.2015.05.001
https://doi.org/10.1371/journal.pcbi.1004513
https://doi.org/10.1371/journal.pcbi.1004513
https://doi.org/10.1073/pnas.1208772109
https://doi.org/10.1073/pnas.1208772109
https://doi.org/10.1089/bsp.2011.0007
https://doi.org/10.1140/epjds/s13688-015-0054-0
https://doi.org/10.1140/epjds/s13688-015-0054-0
https://www.r-project.org
https://doi.org/10.1371/journal.pcbi.1002472
https://doi.org/10.1371/journal.pcbi.1002472
https://doi.org/10.1093/infdis/jiw280
https://doi.org/10.2196/publichealth.7304
https://doi.org/10.2196/publichealth.7304

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Data
	Electronic health records (EHR) from athenahealth
	Crowd-sourced from flu near you
	CDC ILINet national/regional/state
	CDC virology
	Boston epidemiological data

	Statistical analysis
	Correlation with traditional influenza surveillance systems across multiple spatial resolutions with different sample sizes
	Bootstrapping approach to estimate the minimum number of crowd-sourced reports necessary to produce estimates that resemble the historical government-lead surveillance system trends


	Results
	Correlation with traditional influenza surveillance systems across multiple spatial resolutions with different sample sizes
	Electronic health records
	Crowd-sourced reports

	Bootstrapping approach to estimate the minimum number of crowd-sourced reports necessary to produce estimates that resemble the historical government-lead surveillance system trends

	Discussion
	Conclusions
	Additional file
	Abbreviations
	Acknowledgements
	Funding
	Availability of data and materials
	Authors’ contributions
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Publisher’s Note
	Author details
	References

