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Introduction
Information regarding influenza activity can inform clinical and
public-health activities. However, current surveillance approaches
induce a delay in influenza activity reports (typically 1-2 weeks).
Recently, we demonstrated that data from smartphone-connected
thermometers can accurately forecast real-time influenza activity at
a national level. Because thermometer readings can be geolocated, we now use state-level thermometer readings to determine
if these data can also improve state-level-surveillance estimates.

Conclusions

Results
A total of 10,262,212 temperature readings were
recorded from October 30, 2015 to March 29, 2018.
Device coverage is plotted in Figure 1.

Eight states (CA, CO, KS, NJ, NM, NY, NC, PA, and RI) had
a very large increase (>50%) in forecast accuracy during
this period. Figure 3 depicts forecasts in these states.

Figure 1: Device coverage by state

Figure 3: State-level forecasts for best performing models
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Data
We used temperature readings collected by the Kinsa smartthermometer and mobile-device app to develop state-levelforecasting models to predict real-time-influenza activity (1-2
weeks in advance of surveillance reports). We used state-reported
influenza-like illness (ILI) to represent state-influenza activity for 46
continental US states with sufficient surveillance data. Counts of
temperature readings, fever episodes and reported symptoms
were computed by week.
Statistical Approach
We developed seasonal autoregressive time-series models and
evaluated model performance in an adaptive out-of-sample
manner. We compared baseline time-series models containing
lagged state-reported ILI activity to models incorporating
exogenous thermometer readings from local and national sources.
For state-level forecasting, we consider thermometer data
aggregated at state, regional, and national levels along with
thermometer readings in neighboring states. We also compared
exogenous Kinsa data with exogenous Google search data (and in
combination).
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In nearly all of the 46 states considered, weekly
forecasts of ILI activity improved considerably when
thermometer readings were incorporated. We
compared baseline models to models that contained
state-level-thermometer readings along with
thermometers from neighboring states, the region, and
the nation. Table 1 presents the median improvement
(compared to baseline) and number of states that
performed best for each source of data. The median,
state-level forecasting accuracy improved by 25.5%
compared to baseline time-series models.
Table 1: Forecast improvement (from baseline) by data stream
Median
improvement

# of States with
improvement

# of states where
model performed best

N/A

N/A

3

State Readings Only

11.7%

40

2

State + Neighbors

16.7%

41

7

State + Regional

11.6%

41

6

State + National

23.8%

42

15

All Thermometer
Signals

22.9%

43

13

25.5%

43
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Baseline
(Surveillance Data)
Using Kinsa Data

Best Model

Local surveillance efforts may be improved by incorporating such
information. Geolocated readings may allow for more granular
forecasts (e.g., cities, zip codes) or near state boundaries.
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Differences between states
In general, states with a greater number of devices
produced better results. Figure 3 plots the level of forecast
improvement as a function of the number of devices in the
state.
Figure 3: Forecast improvement vs device coverage by state
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During the 2017-2018 influenza season, the average
improvement in forecast accuracy was 27.2%, and
thermometer readings improved forecasting accuracy
in 43 out of 46 states. The three states for which
thermometer readings were not able to improve
forecasts had very low device coverage (MT, ID) or
differing 2017-2018 flu seasons than the nation as a
whole (UT).

Such data may also be useful for longer-term local forecasts,
especially as user adoption increases. States with more readings
generally had more accurate forecasts.
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Kinsa Smart Thermometer
Records and syncs temperature with
smartphones
• Deidentified temperature readings,
symptoms (e.g., cough) and user
information (e.g., age and sex)
• Timestamped and geolocated
• Coverage in all 50 states
• Real-time availability

Smart thermometers allow local forecasts to incorporate multiple
dimensions of an outbreak (e.g., state, neighboring states,
national). Models performed best when multiple levels of
information were included (e.g., state and national). However, statelevel fever readings alone were sufficient to improve forecasts in 40
out of 46 states.
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Data from smart thermometers can accurately track real-time
influenza activity at a state level. In nearly all states, real-time
forecasts of influenza activity were improved when thermometer
data were incorporated.
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Forecasting local clinic-level
activity: Smart thermometers may
provide more localized influenza
detection for early warnings of
local healthcare utilization. Figure
4 shows fever readings matched
the pattern of outpatient visits for
sinusitis in Saint Paul, MN.

Integrating other real-time information: Other real-time sources
have been used for influenza surveillance (e.g., Google Search,
Twitter, Wikipedia)
• Thermometer data can fill the gaps in other sources (e.g.,
missing state-search-volume data)
• Can be combined to improve forecasts (see Table 3)
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Table 3: Average forecast improvement & number of states improved
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Figure 4: Fever readings and outpatient
sinusitis visits in Saint Paul, MN
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