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Flu Data
Proportion of Influenza-Like-Illnesses (PILI):
proportion of doctor visits where patient has an
“influenza-like illness”
ILINet in U.S., compiled and published by CDC.
Takes time to record, prepare, and publish
(week or two). Might like to have results faster.
Google Flu tries to predict what the CDC data will be.

Google Flu Trends Model
(Classic Edition)

Query fraction (QF): proportion of Google
searches that match a given Query
E.g., 16 per 100000 searches
are the word “fever”
50 million distinct queries,
unknown number of searches (billions)

A little EDA

Step 1: Find terms whose
QF correlates with PILI
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Step 2: Keep the best 45
•

Most terms are secret; categories are:
Influenza Complication, Cold/Flu Remedy, General Influenza Symptoms,
Term for Influenza, Specific Influenza Symptom, Symptoms of an Influenza
Complication, Antibiotic Medication, General Influenza Remedies, Symptoms of
a Related Disease, Antiviral Medication, Related Disease

•

[symptoms of bronchitis],[pnumonia]*,[fever],
[early signs of the flu],[robitussin],[influenza a],
[amoxicillin],[strep throat]

Step 3: Build Model
•

Let S be the sum of the QF of the 45 terms over a 1-week period.

•

Let Y be the PILI for next week, provided by CDC

•

Find w and c so that
logit(Y ) ≈ w × logit(S ) + c
as much as possible, on Y and S from historical data.

•

c determines predicted “baseline ILI” if S = 0,
w determines how fast predicted Y grows with S

•

To predict Y in the future, stick the learned w and c,
and the new S, into the model, get result.

Step 2: Keep the best 45

•

Why 45?
•

Chosen to maximize accuracy on unseen data

Flu Trends Ups and Downs

Google Flu Trends Performance during H1N1

Flu Trends Ups and Downs

NEWS IN FOCUS

FEVER PEAKS

A comparison of three different methods of
measuring the proportion of the US population
with an influenza-like illness.

Estimated % of US population with influenza-like illness

difficulties. But several researchers suggest
that the problems may be due to widespread
media coverage of this year’s severe US flu
season, including the declaration of a publichealth emergency by New York state last
month. The press reports may have triggered
many flu-related searches by people who were
not ill. Few doubt that Google Flu will bounce
back after its models are refined, however.
“You need to be constantly adapting these
models, they don’t work in a vacuum,” says
John Brownstein, an epidemiologist at Harvard Medical School in Boston, Massachusetts.
“You need to recalibrate them every year.”
Brownstein is one of many researchers trying to harness the power of the web to establish
sentinel networks made up not of physicians,
but of ordinary citizens who volunteer to
report when they or someone in their family
are experiencing symptoms of ILI. ‘Flu Near
You’, a system run by the HealthMap initiative
co-founded by Brownstein at Boston Children’s
Hospital, was launched in 2011 and now has
46,000 participants, covering 70,000 people.
Similar systems are springing up in Europe.
For example, GrippeNet.fr, run by French
researchers in collaboration with national
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worked with Flu Near You on its development,
and Finelli herself has signed up: “I submit my

have much less promise” than Google Flu or
Flu Near You, she says, arguing that Twitter’s
signal-to-noise ratio is very low, and that the
most active Twitter users are young adults and
so are not representative of the general public.
Michael Paul, a computer scientist at Johns
Hopkins University in Baltimore, Maryland,
disagrees. He is part of a team that is developing
Twitter-based disease monitoring, and says that
Google search-term data probably have just
as much noise. And although Internet-based
surveys may boast less noise, their smaller size
means that they may be prone to sampling
errors. “I suspect that passive monitoring of
social media will always yield more data than
systems that rely on people to actively respond
to surveys, like Flu Near You,” Paul says.
To reduce the noise, the Johns Hopkins
team has recently analysed a subset of a few
thousand flu-related tweets, looking for patterns indicating which tweets showed that the
tweeter was actually ill rather than simply, say,
pointing to news articles about flu. They then
used this information to retrain their models
to weed out irrelevant flu-related tweets. Paul
says that a paper in press will show that this
greatly improves their results.

Step 2: Keep the best 45
•

Why 45?
•

Chosen to maximize accuracy on unseen data

•

Other search queries in the top 100, not included
in our model, included topics like
“high school basketball”

Why
“high school basketball”?

May 3, 2009 were excluded from the correlation and RMSE
calculation, due to tremendous media attention during those
weeks. Those two weeks are labeled as the ‘‘erratic period’’ in
Figures 1–3.
To evaluate changes in search behavior during pH1N1, we
examined query volume within and between query categories. We
compared category volume during pH1N1 Wave 1 and Wave 2
with pre-pH1N1 volume. In addition, we developed several GFT
models based on individual categories or queries to examine
category- and query-level search trends. Graphical representations

issued by a Google search user. Separate aggregate weekly
counts were kept for every query in each state. No information
about the identity of any user was retained. A set of influenzarelated queries was chosen using a sequential correlation-based
method, and the proportion of outpatient visits that are ILIrelated was estimated from the proportion of Google queries
that are influenza-related using a linear model on the log-odds
scale [3]. One season of influenza data was held out during
model-fitting and then used to test the model estimated from the
other seasons’ data. The correlations between ILINet and GFT

Table 1. Comparison of relative query category volume in original and updated United States GFT models.

Query Category

Sample Query

Original Model Relative
Category Volume

Updated Model Relative
Category Volume

Symptoms of an influenza complication

[symptoms of bronchitis]

6%

11%

Influenza complication

[pnumonia]*

42%

6%

Specific influenza symptom

[fever]

6%

39%

General influenza symptoms

[early signs of the flu]

2%

30%

Cold/flu remedy

[robitussin]

12%

4%

Term for influenza

[influenza a]

,1%

3%

Antibiotic medication

[amoxicillin]

12%

0%

Related disease

[strep throat]

16%

,1%

*Search users often misspell the word pneumonia.
doi:10.1371/journal.pone.0023610.t001
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logit(Y ) ≈ w × logit(S ) + c

What causes
flu-related searches?

