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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 

of the time series of the resulting model estimates and ILINet data
were created to show how the relationship between a query
category or individual query and ILI rates changed during
pH1N1.

The original and updated Flu Trends models were built using
C++ in a distributed computing framework [10]. All other analyses
were performed using R [11], an open-source programming
language for statistical analysis.

Figure 1. Time series plots of ILINet data and original and updated GFT estimates. A) ILINet data and GFT estimates from 2009. B) ILINet
data and GFT estimates for the entire time period where GFT estimates are available: 2003–2009.
doi:10.1371/journal.pone.0023610.g001

Google Flu Trends Performance during H1N1

PLoS ONE | www.plosone.org 3 August 2011 | Volume 6 | Issue 8 | e23610



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 public- 
health 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 Har-
vard Medical School in Boston, Massachusetts. 
“You need to recalibrate them every year.”

Brownstein is one of many researchers try-
ing 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 
health authorities, has attracted more than 
5,500 participants since its creation a year ago, 
with 60–90 people joining each week. 

Lyn Finelli, head of the CDC’s Influenza 
Surveillance and Outbreak Response Team, 
feels that such crowdsourcing techniques hold 
great promise, especially because the question-
naires are based on clinical definitions of ILI 
and so yield very clean data. And both Flu Near 
You and GrippeNet.fr have a representative 
age distribution of participants. The CDC has 

worked with Flu Near You on its development, 
and Finelli herself has signed up: “I submit my 
family’s data every week,” she says.

Other researchers are turning to what is 
probably the largest publicly accessible alterna-
tive trove of social-media data: Twitter. Several 
groups have published work suggesting that 
models of flu-related tweets can be closely fitted 
to past official ILI data, and various services,  
such as MappyHealth and Sickweather, are 
testing whether real-time analyses of tweets 
can reliably assess levels of flu.

But Finelli is sceptical. “The Twitter analyses 

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 pat-
terns 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. 

Already, web data mining and crowdsourced 
tracking systems are becoming a part of the 
flu-surveillance landscape. “I’m in charge of 
flu surveillance in the United States and I look 
at Google Flu Trends and Flu Near You all the 
time, in addition to looking at US-supported 
surveillance systems,” says Finelli. “I want to 
see what’s happening and if there is something 
that we are missing, or whether there is a sig-
nal represented somewhat differently in one of 
these other systems that I could learn from.” ■

B Y  E R I K A  C H E C K  H A Y D E N 

For the first five months of Harrison 
Harkins’ life, doctors had little idea about 
what was causing his spinal malformation 

and inability to gain weight. But in November 
2011, Matthew Bainbridge, a computational 
biologist at Baylor College of Medicine in 
Houston, Texas, found a clue. After analysing 
genetic data from Harrison and his parents, 
Bainbridge discovered that the child had an 

abnormal version of a gene called ASXL3.
But Bainbridge had no easy access to records 

of other children with ASXL3 mutations, and 
could not be sure that this mutation was the 
culprit. So he did what many scientists do: 
he networked. A Dutch team put Bainbridge 
in touch with German researchers who were 
treating another boy with an ASXL3 muta-
tion — and symptoms similar to Harrison’s. 
After finding two further cases in an inter-
nal Baylor database, Bainbridge felt that the 

connection was concrete. He describes the 
syndrome seen in all four children, and prob-
ably caused by ASXL3 mutations, in a paper 
published on 5 February (M. N. Bainbridge et 
al. Genome Med. 5, 11; 2013).

Researchers are using new tools to increase 
the pace of discoveries such as Bainbridge’s. 
Efforts to connect sequences with symp-
toms — or in genetic parlance, genotype 
with phenotype — have taken on increased 
urgency as clinical sequencing gains traction 
and funders put more money towards rare 
diseases. Researchers are planning to address 
the barriers to data sharing at a workshop in 
April, after the first International Rare Diseases 
Research Consortium Conference in Dublin. 
“There is a very positive feeling in the com-
munity that things are changing for the better,” 
says Peter Robinson, a computational biologist 
at the Charity University Hospital in Berlin.

Thousands of people have had their 
genomes sequenced, but a reluctance to 
surrender ownership of the valuable data, 
along with the privacy concerns of research-
ers and families (see ‘Families find solace in 

M E D I C I N E

Data barriers limit 
genetic diagnosis
Tools for data-sharing promise to improve chances of 
connecting mutations with symptoms of rare diseases.
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FEVER PEAKS
A comparison of three different methods of 
measuring the proportion of the US population 
with an influenza-like illness.
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Flu Trends Ups and Downs



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”?



outbreaks occurred [6]. Previous commentary on the utility of
GFT has expressed concern that it may be limited by the
consistency of online health-seeking behavior [7]. Such a shift in
behavior could occur during an outbreak or pandemic, resulting in
a change in the terminology used to search online for health
information. Thus, an open question was whether GFT could
provide accurate estimates of non-seasonal flu. Should a new flu
virus emerge and cause the same symptoms as seasonal flu, we
expected GFT to detect it as long as Google users continued
searching for similar flu-related terms; however, in the absence of
non-seasonal flu outbreaks, there was no way to test this
hypothesis.

In the spring of 2009 a new strain of influenza, pandemic
influenza A (H1N1) [pH1N1], emerged, beginning in Mexico
and quickly spreading to the United States and around the world
[8]. The original U.S. GFT model was used to produce
prospective estimates of ILI activity for the 2008–2009 flu
season and retrospective estimates from 2003–2008. The
updated model launched on September 24, 2009 incorporated
ILINet data from April–September, 2009 and was used to
produce both prospective estimates of ILI from September–
December 2009 and retrospective estimates from July 2003
through September 2009. We compare the two models’
composition and performance throughout 2009 and discuss
changes in aggregated search counts on Google during the
introduction of pH1N1 in the U.S.

Materials and Methods

Google Flu Trends Model
The derivation of the original GFT model has been described

previously [3]. Briefly, we used aggregated search query data to
estimate influenza activity in near-real time. We built a
database that included time series of weekly counts for 50
million of the most common search queries in the United States.
A query was defined as a complete exact sequence of terms
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 influenza-
related queries was chosen using a sequential correlation-based
method, and the proportion of outpatient visits that are ILI-
related 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

estimates for the held-out season were comparable to the
correlations for the seasons used in model-fitting, which
suggested that we were not over-fitting.

To update the model, the same basic methodology was
employed. Surveillance data for ILI included the same time frame
used in the original model (September 28, 2003 to May 11, 2008)
and the first several months of the pH1N1 pandemic (March 29,
2009 through September 13, 2009). The updated model also
selected from a larger candidate pool of queries since less common
queries were allowed.

Comparing the Original and Updated Models
We examined the composition of the original and updated

models by comparing the number of selected queries and query
volume (i.e., total number of searches for each query) in each, as
well as by grouping the model queries into topic categories and
comparing the relative query category volume (Table 1). A query
category’s relative volume was the combined volume of all queries
in that category divided by the combined volume of all model
queries.

We compared the performance of the two models by
calculating the Pearson correlation between model estimates
and ILINet data. Since correlations largely measure consistency
in the temporal alignment of the two time series, we also
calculated the root mean square error (RMSE) to measure
differences in the magnitude of the ILI and GFT estimates. We
defined the following time periods for comparison: ‘‘pre-pH1N1’’,
defined as September 28, 2003 through March 29, 2009, and
‘‘pH1N1 period’’ defined as March 29, 2009 through December
31, 2009. The pH1N1 period was further divided into ‘‘pH1N1
Wave 1’’, defined as March 29, 2009 through August 2, 2009, and
‘‘pH1N1 Wave 2’’, defined as August 2, 2009 through December
31, 2009. The cutoff between the two waves corresponds
approximately to when ILI rates began increasing towards the
peak seen in October, 2009 [9]. The weeks of April 27, 2009 and
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

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

Google Flu Trends Performance during H1N1

PLoS ONE | www.plosone.org 2 August 2011 | Volume 6 | Issue 8 | e23610



 
logit(Y ) ≈ w × logit(S )  + c  
 



What causes  
flu-related searches?






