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1. Comparison of Time Series and GFT Results Across HHS Regions 
 
As we noted in the Policy Forum, national-level flu trends can be well-approximated using 
lagged dependent variables and variables for seasonality. These approximations can be further 
improved by combining Google Flu Trends’ (GFT’s) estimates of influenza-like-illness (ILI) 
with a lagged dependent variable, 2- and 3-week lags of the difference between GFT and the 
Centers for Disease Control and Prevention (CDC) data from Department of Health and Human 
Services (HHS) regions, and the seasonality variables. 

This section demonstrates that these results hold up in a region-by-region analysis. Table S1 
compares errors across the entire period from 2003 to 2013 for the GFT model, the time series 
model (both with 07/03/2011, when GFT went off the rails, and with 09/06/2009, when the new 
GFT algorithm went live, as the out-of-sample start date). Table S2 compares the results in only 
the out-of-sample data for the post-09/06/2009 model. Table S3 compares the results in only the 
out-of-sample data for the post-07/03/2011 model. In the latter two tables, the comparison is 
against GFT after these respective dates. 

The use of regional comparisons is closer to the method used by the original GFT, which was 
developed primarily in relation to what was then nine HHS regions (13). The results are 
generally consistent with the national results. GFT’s errors, however, are not uniformly 
distributed across regions. For example, in the post-2011 period, GFT does remarkably well in 
regions 7 and 8, whereas it performs poorly in regions 6 and 10. Nevertheless, in almost every 
case, GFT is outperformed by the basic time series predictions and the combined model. 
Although not discussed in the Policy Forum, it is interesting to note that GFT started to estimate 
high regularly after the summer 2011 change in geocoding, which was aimed at providing more 
accurate geographic results for searches (see section 3 below). It is possible that this contributed 
to the algorithm’s later increase in error (i.e., greater accuracy in geographic search attribution 
threw off an algorithm designed on the less-accurate attribution). 

Replication code and data for these results are available in the folder labeled SOM1 (36) in the 
replication files. The replication data file is labeled ParableOfGFT(SOM1Replication).dta and 



the code is SOMpt1(Replication Code).do. Instructions for replication are included in the code 
file. The Stata statistical program was used for calculations. 
 
Table S1. Regional Comparison of Models. RMSE, root mean squared error; MAE, mean absolute error. 
The lagged CDC model is specified as  
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where flu is the CDC estimate of percent doctors’ visits for ILI, week is a binary variable indicating week of obser-
vation, and ȕ and Ȗ are estimated regression coefficients. The combination of GFT and CDC data is specified as 
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where gflu is the GFT estimate. (See Section 7 of SM for details.) 

Region Google Flu 
Trends 

CDC Lag and 
Seasonality 

Model  
(Post-07/03/2011 
Out-of-Sample) 

Google Flu 
Trends Plus Lag 
and Seasonality 

Corrections 
(Post-07/03/2011 
Out-of-Sample) 

CDC Lag and 
Seasonality 

Model  
(Post-09/06/2009 
Out-of-Sample) 

Google Flu 
Trends Plus Lag 
and Seasonality 

Corrections 
(Post-09/06/2009 
Out-of-Sample) 

Region 1 
(CT, ME, 
MA, NH, 
RI, VT) 

RMSE = 0.772 
MAE = 0.276 

RMSE = 0.531 
MAE = 0.297 

RMSE = 0.532 
MAE = 0.216 

RMSE = 0.581 
MAE = 0.292 

RMSE = 0.538 
MAE = 0.219 

Region 2 
(NJ, NY) 

RMSE = 0.876 
MAE = 0.527 

RMSE = 0.615 
MAE = 0.392 

RMSE = 0.474 
MAE = 0.309 

RMSE = 0.640 
MAE = 0.397 

RMSE = 0.487 
MAE = 0.313 

Region 3 
(DE, DC, 
MD, PA, 
VA, WV) 

RMSE = 0.832 
MAE = 0.556 

RMSE = 0.682 
MAE = 0.439 

RMSE = 0.513 
MAE = 0.337 

RMSE = 0.717 
MAE = 0.448 

RMSE = 0.526 
MAE = 0.351 

Region 4 
(AL, FL, 
GA, KY, 
MS, NC, 
SC, TN) 

RMSE = 0.695 
MAE = 0.380 

RMSE = 0.491 
MAE = 0.310 

RMSE = 0.353 
MAE = 0.203 

RMSE = 0.500 
MAE = 0.316 

RMSE = 0.358 
MAE = 0.207 

Region 5 
(IL, IN, MI, 
MN, OH, 
WI) 

RMSE = 0.738 
MAE = 0.379 

RMSE = 0.576 
MAE = 0.342 

RMSE = 0.390 
MAE = 0.214 

RMSE = 0.599 
MAE = 0.344 

RMSE = 0.400 
MAE = 0.221 

Region 6 
(AR, LA, 
NM, OK, 
TX) 

RMSE = 1.280 
MAE = 0.732 

RMSE = 0.881 
MAE = 0.570 

RMSE = 0.728 
MAE = 0.441 

RMSE = 0.913 
MAE = 0.582 

RMSE = 0.760 
MAE = 0.445 

Region 7 
(IA, KS, 
MO, NE) 

RMSE = 0.894 
MAE = 0.508 

RMSE = 0.774 
MAE = 0.442 

RMSE = 0.492 
MAE = 0.281 

RMSE = 0.812 
MAE = 0.453 

RMSE = 0.507 
MAE = 0.289 

Region 8 
(CO, MT, 
ND, SD, 
UT, WY) 

RMSE = 0.610 
MAE = 0.342 

RMSE = 0.555 
MAE = 0.319 

RMSE = 0.434 
MAE = 0.248 

RMSE = 0.595 
MAE = 0.323 

RMSE = 0.452 
MAE = 0.250 

Region 9 
(AZ, CA, 
HI, NV) 

RMSE = 0.971 
MAE = 0.623 

RMSE = 0.659 
MAE = 0.435 

RMSE = 0.525 
MAE = 0.344 

RMSE = 0.672 
MAE = 0.445 

RMSE = 0.532 
MAE = 0.364 

Region 10 
(AK, ID, 
OR, WA) 

RMSE = 1.050 
MAE = 0.610 

RMSE = 0.818 
MAE = 0.520 

RMSE = 0.710 
MAE = 0.450 

RMSE = 0.839 
MAE = 0.538 

RMSE = 0.717 
MAE = 0.473 

 



Table S2. Regional Comparison of Models Post-09/06/2009.  
The lagged CDC model is specified as  
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where flu is the CDC estimate of percent doctors’ visits for ILI, week is a binary variable indicating week of 
observation, and ȕ and Ȗ are estimated regression coefficients. The combination of GFT and CDC data is specified 
as 
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where gflu is the GFT estimate. (See Section 7 of SM for details.) 

Region Google Flu Trends 

CDC Lag and 
Seasonality Model (Post-

09/06/2009 Out-of-
Sample) 

Google Flu Trends Plus 
Lag and Seasonality 
Corrections (Post-
09/06/2009 Out-of-

Sample) 
Region 1 (CT, ME, MA, 
NH, RI, VT) 

RMSE = 1.152 
MAE = 0.375 

RMSE = 0.741 
MAE = 0.325 

RMSE = 0.788 
MAE = 0.291 

Region 2 (NJ, NY) RMSE = 1.113 
MAE = 0.617 

RMSE = 0.727 
MAE = 0.417 

RMSE = 0.569 
MAE = 0.346 

Region 3 (DE, DC, MD, 
PA, VA, WV) 

RMSE = 1.029 
MAE = 0.689 

RMSE = 0.858 
MAE = 0.492 

RMSE = 0.603 
MAE = 0.381 

Region 4 (AL, FL, GA, 
KY, MS, NC, SC, TN) 

RMSE = 0.960 
MAE = 0.590 

RMSE = 0.477 
MAE = 0.323 

RMSE = 0.392 
MAE = 0.231 

Region 5 (IL, IN, MI, 
MN, OH, WI) 

RMSE = 0.988 
MAE = 0.499 

RMSE = 0.666 
MAE = 0.385 

RMSE = 0.520 
MAE = 0.275 

Region 6 (AR, LA, NM, 
OK, TX) 

RMSE = 1.584 
MAE = 0.824 

RMSE = 0.993 
MAE = 0.591 

RMSE = 0.904 
MAE = 0.479 

Region 7 (IA, KS, MO, 
NE) 

RMSE = 1.033 
MAE = 0.611 

RMSE = 0.941 
MAE = 0.522 

RMSE = 0.651 
MAE = 0.355 

Region 8 (CO, MT, ND, 
SD, UT, WY) 

RMSE = 0.740 
MAE = 0.373 

RMSE = 0.728 
MAE = 0.357 

RMSE = 0.546 
MAE = 0.266 

Region 9 (AZ, CA, HI, 
NV) 

RMSE = 1.308 
MAE = 0.872 

RMSE = 0.630 
MAE = 0.408 

RMSE = 0.592 
MAE = 0.385 

Region 10 (AK, ID, OR, 
WA) 

RMSE = 1.256 
MAE = 0.729 

RMSE = 0.748 
MAE = 0.473 

RMSE = 0.668 
MAE = 0.437 

  



Table S3. Regional Comparison of Models Post-07/03/2011. 
The lagged CDC model is specified as  
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where flu is the CDC estimate of percent doctors’ visits for ILI, week is a binary variable indicating week of 
observation, and ȕ and Ȗ are estimated regression coefficients. The combination of GFT and CDC data is specified 
as 

 � � � � 52
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where gflu is the GFT estimate. (See Section 7 of SM for details.) 

Region Google Flu Trends 

CDC Lag and 
Seasonality Model (Post-

07/03/2011 Out-of-
Sample) 

Google Flu Trends Plus 
Lag and Seasonality 
Corrections (Post-
07/03/2011 Out-of-

Sample) 
Region 1 (CT, ME, MA, 
NH, RI, VT) 

RMSE = 1.526 
MAE = 0.499 

RMSE = 0.345 
MAE = 0.216 

RMSE = 1.004 
MAE = 0.351 

Region 2 (NJ, NY) RMSE = 1.322 
MAE = 0.623 

RMSE = 0.483 
MAE = 0.312 

RMSE = 0.552 
MAE = 0.324 

Region 3 (DE, DC, MD, 
PA, VA, WV) 

RMSE = 1.320 
MAE = 0.951 

RMSE = 0.594 
MAE = 0.390 

RMSE = 0.611 
MAE = 0.372 

Region 4 (AL, FL, GA, 
KY, MS, NC, SC, TN) 

RMSE = 1.117 
MAE = 0.610 

RMSE = 0.452 
MAE = 0.308 

RMSE = 0.435 
MAE = 0.253 

Region 5 (IL, IN, MI, 
MN, OH, WI) 

RMSE = 1.284 
MAE = 0.658 

RMSE = 0.459 
MAE = 0.305 

RMSE = 0.606 
MAE = 0.301 

Region 6 (AR, LA, NM, 
OK, TX) 

RMSE = 2.013 
MAE = 1.091 

RMSE = 0.737 
MAE = 0.486 

RMSE = 0.894 
MAE = 0.484 

Region 7 (IA, KS, MO, 
NE) 

RMSE = 0.524 
MAE = 0.363 

RMSE = 0.628 
MAE = 0.398 

RMSE = 0.714 
MAE = 0.344 

Region 8 (CO, MT, ND, 
SD, UT, WY) 

RMSE = 0.550 
MAE = 0.329 

RMSE = 0.358 
MAE = 0.242 

RMSE = 0.512 
MAE = 0.233 

Region 9 (AZ, CA, HI, 
NV) 

RMSE = 1.441 
MAE = 0.728 

RMSE = 0.539 
MAE = 0.352 

RMSE = 0.659 
MAE = 0.375 

Region 10 (AK, ID, OR, 
WA) 

RMSE = 1.613 
MAE = 0.977 

RMSE = 0.464 
MAE = 0.354 

RMSE = 0.744 
MAE = 0.437 

 
  



 
2. Autocorrelation and Partial Autocorrelation analysis of CDC % ILI data and GFT 
errors 
 
As noted in the Policy Forum, the signs of autocorrelation in the CDC’s data and in GFT’s errors 
are apparent from simple examination of the time series charts. A more formal method for 
picturing this are correlograms and partial correlograms. The autocorrelations and 95% 
confidence intervals (95% CI) (gray shaded region) for the raw CDC percent visits for influenza-
like illness (ILI) data are shown in Fig. S1. These results are very highly autocorrelated up to 
nearly eight lags. The partial correlogram (Fig. S2) shows that the partial autocorrelation extends 
for about two lags.  
 
Perhaps the most interesting plot here is Fig. S3, however, which shows that the GFT model 
produces highly autocorrelated errors. This means that we can predict quite accurately how much 
GFT will miss by in time t by looking at how much it misses by in times t – 1, t – 2, etc. This is 
the intuition that leads us to use the lagged error along with GFT’s data to produce our most 
accurate model. 
 
Replication of data for this figure is in the Manuscript file in the replication file, labeled 
ParableOfGFT(Replication).dta (36). Code is located in the SOM2 folder with the code 
SOM2(Replication Code).do. Calculations done in Stata. 
 
Fig. S1. Correlogram of CDC % ILI Data 
 

 
 
 
 
 



 
 
Fig. S2. Partial Correlogram of CDC % ILI Data 
 

 
 
 
Fig. S3. Correlogram of Google Flu Trends Errors 
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This particular announcement also had an added effect—it demonstrates the ability for Google 
itself to influence the relative prevalence of search term use. As one might suspect, searches for 
“abdominal pain in my right side” are relatively rare. The relative prevalence of this search, 
however, sparks markedly right after the announcement using this term as an example. This 
spike is documented in Fig. S10. 
 
 
Fig. S10. Searches for “abdominal pain on my right side.” Google Trends results are based on 
the proportion of searches for the phrase relative to total searches. The reported results are scaled 
so that 100 represents the highest relative volume of searches for the phrase. All others are 
reported as the percentage relative to the highest search volume. The peak, in this case, is more 
than four standard deviations above the average for this search term. The peak is reached in 
February 2012. Google announced the new search feature on 13 February 2012 (see above). 
 

 
Source: Google Trends (http://www.google.com/trends/) (39). Downloaded data available in 
replication materials. 
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4. Search Dynamics – Which Search Terms Likely Led to GFT’s Inaccuracy and the 
Problem of Replicating GFT’s Results. 
 
We start with the last topic listed in the title—the difficulty replication GFT’s results. We 
attempted in vain to find the 45 search terms that were utilized by GFT. They were not listed in 
the supplemental materials for any of the published articles on GFT, nor were they available 
from any online sources that we could locate. The original Nature article (13) listed 12 categories 
of search terms, but only listed examples of search terms that were not utilized (e.g., high school 
basketball). A later article, published by PLOS One, did give some examples of the search terms 
utilized (14) . The eight examples listed were symptoms of bronchitis, pnumonia [sic], fever, 
early signs of the flu, robitussin, influenza a, amoxicillin, and strep throat (p. 2). We plotted the 
time trend for these terms in Fig. S16 using results from Google Trends. It is notable that, with 
the exception of “influenza a,” none of these examples correlated well with either the GFT of the 
CDC data. Although it is possible that this is a result of the aggregation mechanism used for 
GFT, the fact that the technology designed to allow others to access the power that made GFT 
produces results so at odds with the information provided by the authors gave us pause. We 
cannot be sure if these are really examples used to produce GFT or if the examples were 
purposefully misleading. A later article discussing GFT’s 2013 update seems to suggest that they 
were indeed purposefully misleading (33). 
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Also troubling is that none of those sample terms, at least in their verbatim form, came up when 
we used Google Correlate to find the most related terms with different time series. Table S3 lists 
the top correlated terms found by Google Correlate for the GFT data, the GFT data post-2011, 
the CDC data, and the CDC data pre-2009 [what is received when one clicks the link “…match 
the pattern of actual flu activity (this is how we made Google Flu Trends!)”] (46). As one can 
note from this table, none of the eight example terms are listed in the top 50 for any of these time 
series. The table also lists the relative ranks of the different terms and a rough categorization that 
we put together for analysis. This provides the first clues for which terms were responsible for 
GFT’s errors. 
 
Table S3. List of Search Terms and Classification. Search terms compiled from Google 
Correlate (https://www.google.com/trends/correlate) (47) using national-level time series data. 
The “replication” of GFT using Google Correlate (CDC pre-2009) is located at 
(https://www.google.com/trends/correlate/search?e=id:20xKcnNqHrk&t=weekly#) (48). Data 
used for this table are available in the replication materials in folder SOM/SOM4/TabS3. 
 
Search Text Rank 

for GFT 
Rank 

for 
CDC 

Rank 
for 

CDC 
Pre-
2009 

Rank 
for GFT 

Post-
2011 

Classification of Search 

influenza type a  1 1  Term for Influenza 
flu duration  2 3 37 General Information 
flu fever  3 5 39 Flu Symptoms 
treating flu  4 23  Remedies/Treatments 
braun thermoscan  5 40  Flu Diagnosis 
fever flu  6 33  Flu Symptoms 
flu recovery  7 10 34 General Information 
flu vs. cold  8 24  Flu Diagnosis 
cold or flu 2 9 11 18 Flu Diagnosis 
treating the flu  10   Remedies/Treatments 
Oscillococcinum 29 11 34  Related Diseases 
flu versus cold  12 49  Flu Diagnosis 
flu remedies 6 13 35 23 Remedies/Treatments 
cold versus flu  14   Flu Diagnosis 
human temperature  15 26  Flu Diagnosis 
contagious flu 17 16 31  General Information 
type a influenza  17 46  Term for Influenza 
flu or cold 3 18 13 48 Flu Diagnosis 
flu contagious 1 19 4 8 General Information 
Thermoscan  20   Flu Diagnosis 
flu cough  21   Flu Symptoms 
influenza incubation period  22   General Information 
duration of flu 40 23   General Information 



Search Text Rank 
for GFT 

Rank 
for 

CDC 

Rank 
for 

CDC 
Pre-
2009 

Rank 
for GFT 

Post-
2011 

Classification of Search 

cold vs flu 8 24 39 24 Flu Diagnosis 
influenza a  25   Term for Influenza 
low body temperature  26   Flu Symptoms 
flu headache  27  42 Flu Symptoms 
flu complications  28   Complications 
flu stomach  29   Flu Symptoms 
cold and flu symptoms  30   Flu Symptoms 
flu and fever  31  31 Flu Symptoms 
cold vs. flu  32   Flu Diagnosis 
treatment for flu 9 33 25  Remedies/Treatments 
treatment of flu  34   Remedies/Treatments 
ear thermometer  35   Flu Diagnosis 
how long does the flu last?  36   General Information 
flu in children  37   General Information 
influenza incubation  38   General Information 
flu length  39   General Information 
length of flu  40   General Information 
type a flu  41   Term for Influenza 
getting over the flu  42  29 Remedies/Treatments 
treat flu 7 43 16  Remedies/Treatments 
robitussin ac  44   Remedies/Treatments 
treatment for the flu 48 45   Remedies/Treatments 
influenza symptoms  46 38  General Information 
what is influenza  47   General Information 
flu care  48   Remedies/Treatments 
Expectorant  49   Remedies/Treatments 
cold symptoms  50   Related Diseases 
flu germs 33    Term for Influenza 
cure flu 27    Remedies/Treatments 
how to treat flu 18    Remedies/Treatments 
how to get rid of the flu 49   1 Remedies/Treatments 
get rid of the flu 36  45 2 Remedies/Treatments 
fever reducer   22  Remedies/Treatments 
i have the flu 37  47 26 General Information 
flu treatment   20  Remedies/Treatments 
dangerous fever   27  Flu Symptoms 
remedies for the flu 12   7 Remedies/Treatments 



Search Text Rank 
for GFT 

Rank 
for 

CDC 

Rank 
for 

CDC 
Pre-
2009 

Rank 
for GFT 

Post-
2011 

Classification of Search 

medicine for the flu 25   5 Remedies/Treatments 
how long does it take to get the 
flu 

   33 General Information 

how to cure the flu 38   19 Remedies/Treatments 
flu in toddlers    27 General Information 
symptoms of flu 13  2  General Information 
treat the flu 4  6 36 Remedies/Treatments 
Bronchitis   50  Related Diseases 
reduce fever   19  Remedies/Treatments 
when is the flu contagious 32   28 General Information 
flu a    35 Term for Influenza 
the flu 20  28  Term for Influenza 
home remedies for flu    14 Remedies/Treatments 
flu medicine 19  12 3 Remedies/Treatments 
influenza a and b 23  30  Term for Influenza 
medicine for flu 34    Remedies/Treatments 
taking temperature   48  Flu Diagnosis 
cure the flu 16   13 Remedies/Treatments 
signs of the flu   8  Flu Diagnosis 
flu and cold 10    Flu Diagnosis 
do i have the flu 28    Flu Diagnosis 
flu treatments   37  Remedies/Treatments 
how long is the flu contagious 46    General Information 
is flu contagious 30  15 38 General Information 
how long does the flu last   32  General Information 
fight the flu 44    Remedies/Treatments 
normal body   14  Flu Diagnosis 
home remedies for the flu 39   11 Remedies/Treatments 
best flu medicine    20 Remedies/Treatments 
flu relief    44 Remedies/Treatments 
signs of flu   42  Flu Diagnosis 
symptoms of influenza 41    Flu Diagnosis 
how to treat the flu 5  7 40 Remedies/Treatments 
flu swab    10 Flu Diagnosis 
how long is flu contagious   36 47 General Information 
what to do for the flu 42    Remedies/Treatments 
how long are you contagious    9 General Information 
how long am i contagious    15 General Information 



Search Text Rank 
for GFT 

Rank 
for 

CDC 

Rank 
for 

CDC 
Pre-
2009 

Rank 
for GFT 

Post-
2011 

Classification of Search 

body temperature   17  Flu Symptoms 
flu home remedies 24   21 Remedies/Treatments 
normal body temperature   44  Flu Symptoms 
get rid of flu    4 Remedies/Treatments 
over the counter flu medicine 31   50 Remedies/Treatments 
the flu virus 43    General Information 
how to get rid of flu    16 Remedies/Treatments 
is the flu contagious 35  18 32 Remedies/Treatments 
how long do flu symptoms last    41 General Information 
cold and flu 15   43 Flu Diagnosis 
pregnant with the flu    22 Complications 
incubation period for the flu 47    General Information 
exposure to flu 50    General Information 
how long does flu last 21  43  General Information 
flu vs cold 11  21  Flu Diagnosis 
natural flu remedies 45    Remedies/Treatments 
symptoms of the flu   9  Flu Diagnosis 
am i contagious    6 General Information 
how long flu last    45 General Information 
difference between cold and flu 22    Flu Diagnosis 
flu how long    25 General Information 
flu test    49 Flu Diagnosis 
how to get over the flu 26   17 Remedies/Treatments 
best medicine for flu    46 Remedies/Treatments 
remedies for flu 14  29 12 Remedies/Treatments 
fever cough   41  Flu Symptoms 
flu without fever    30 Flu Symptoms 

. 
  



One notable pattern that is immediately apparent is that the number and rank of terms dealing 
with “treatment for flu” and its variants are much higher for the GFT data than for the CDC data. 
Indeed, Fig. S16 shows that the number of terms in the category of “Remedies/Treatments” that 
fall within the top 50 for GFT time series is about double the number of treatment related terms 
that fall in the top 50 for the CDC time series. This would seem to suggest that an increased 
prevalence of searches for remedies and treatments was a likely culprit in throwing GFT’s count 
off. 
 
 
Fig. S16. Category of Top-50 Search Terms From Google Correlate 

 

  



Further evidence for this hypothesis can be found by looking at the pattern for the top-10 terms 
correlated with the CDC’s full time series of data (Fig. S17). Most of the terms that fall into the 
top  10 continue to resemble the CDC’s data throughout the time period, including after 2011, 
when GFT started to persistently miss high. Two types of terms are the exception to this rule. 
The first are terms related to remedies and treatments for the flu. Searches for “treating flu” and 
“treating the flu” are both very high for the 2012–2013 flu season. The other search result that is 
noticeably high for this period is the search for “cold or flu.” Looking back on the table above, 
there are a large number of variations of “cold or flu,” “flu or cold,” etc. that seem to show up 
with the GFT data and not with the CDC data. After searching through a number of additional 
terms, an increase in these two search terms seems the most likely explanation for GFT’s 
increasing errors. As we note in the Policy Forum , trying to pin down the exact causes is 
impossible without at least having the original search terms—and this is why we emphasize 
replication—but these two seem very likely candidates for explaining what happened. 
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Another factor that may have contributed to the error is that the search terms used may not be 
prevalent in the first place. Again, taking the authors at their word, we explore the relative 
prevalence of the eight example search terms from the PLOS One article (14). Using “fever,” by 
far the most prominent term, as the baseline, we can see in Fig. S18 that most of these terms are 
searched relatively rarely. What this means is that, although they may have had a high 
correlation, they are unlikely to be robust to changes in search patterns. A relatively small 
change in their frequency may have a large effect on their relative frequency. Even the most 
searched example term, “fever,” is still a relatively rare search compared to general searches 
about “flu” (Fig. S19). The general search for “flu” should also give us pause when talking about 
the common explanation for GFT’s miss—that there was massive media attention given to the 
flu in 2012–2013, which resulted in more flu-related searches. First, searches for “flu” peaked in 
2009, which is what one might expect given that this is when the swine flu panic took place. We 
should also note that not all flu-related searches spiked in 2012–2013, only a select few did. And 
these select few do not seem to be a random sample of the overall search terms. This does not 
seem to fit well with the media panic story. 
 
 
 
 
Fig. S18. Relative Frequency of Search Terms from GFT’s PLOS One Article (14). Data 
derived from search prevalence of terms as reported by Google Trends 
(www.google.com/trends/) (39). Data in SOM/SOM4/SFig15 folder of replication materials. 
 

 
 
  



Fig. S19. Relative Frequency of Searches for “Fever” Versus “Flu.” Data derived from 
search prevalence of “fever” and “flu” as reported by Google Trends (www.google.com/trends/) 
(39). Data available in the SOM/SOM4/SFig19 folder of the replication materials. 
 

 
 
  



5. A Note on GFT’s 2008 Model 
 
In the Policy Forum, we made reference to GFT’s 2008 algorithm, which was substantially 
modified after the 2009 influenza A H1N1 pandemic. The data from this algorithm are no longer 
available from Google Flu. A previous study made use of data downloaded in August 2009 to 
conduct an analysis of the algorithm’s performance and documents its problems during the 2009 
pandemic. Today, however, the only available data are from March 2009 as made available 
through the Internet archive (aka “The Wayback Machine”). It can be downloaded from the 
following link:  
http://web.archive.org/web/20090303211715/http://www.google.org/about/flutrends/download.h
tml (49). 
 
We make these data available, along with the global estimates, in the replication materials, so 
that they can be preserved. They can be found in folder /SOM/SOM5/. 
 

6. Lag Models Using CDC Data 3 and 4 Weeks Out 
 
One criticism that could be leveled against both our models using lagged CDC data and those 
that have been analyzed previously is that there is unmodeled data “vintaging” within the CDC 
data (i.e., the data are subsequently corrected by the reporting agency and the originally reported 
data are usually not made available). Similar vintaging is common in economic measures, which 
are regularly retrospectively revised. 
 
If early errors in CDC data reporting are randomly distributed, then this would not pose much of 
a problem for our results. Nonetheless, it is worthwhile for us to conduct robustness checks using 
longer lags to make sure we are not receiving artificially high results because of using already 
corrected data. 
 
Unsurprisingly, the best-fitting models with only 3+ week lags are a little different from those in 
the Policy Forum. For this section, our lagged CDC variable model is specified as 

52

1 3 2 4 3 5
1

t t t t i it
i

flu flu flu flu weekD E E E J� � �
 

 � � � �¦  

where flu is the CDC estimated percent of doctors’ visits for ILI and week is coded 1 if the week 
is number n in a year. 
 
The combination of GFT and the CDC data is specified as 

� �1 2 3 3

52

4 4 3 3
1

t t t t t t iti
i

flu gflu flu flu gflu flu weekD E E E E J� �
 

� � � � � � � �¦  

where gflu is the GFT estimate of ILI. 
 
Again, the regression models were initially specified using only data before the September 2009 
launch of the new GFT and were tested on data produced subsequently. The out-of-sample 
predictions are made on a rolling basis, with predictions for the next time step (t + 1) based on 
estimates from data on all previous time periods (ti � t). 
 



Despite using further out lags, these models still outperform the GFT data by itself. For the out-
of-sample time period, MAE for the GFT data, by itself, is 0.486. For the model using only 
lagged CDC data, the MAE is 0.412. For the model, using a combination of GFT’s estimates and 
the lagged CDC data, the MAE is 0.303, or about a 38% decrease in error. 
 
Code for replicating these results can be found in the SOM/SOM6 folder of the replication 
materials. The code is in the file SOM6 (Replication Code).do. The data is located in the 
Manuscript folder and is ParableOfGFT(Replication).dta (36). All calculations were done in 
Stata. 
 

7. Full Results and Sensitivity Tests 
 
For space reasons, full results of the models using lagged CDC data and combinations of the 
CDC data and GFT data were not included. In this section, we present not only the models 
underlying the graphs in the Policy Forum, but also conduct a general sensitivity test to show 
how sensitive, if at all, these results are to different specifications. The general sensitivity test 
should reassure readers about potential over-fitting due to the inclusion of higher-order 
autoregressive variables or about difficulties in comparing models with different numbers of 
features.  
 
In the table below, we compare the following model specifications: 

t tflu gflu   (1) 

1 2t tflu fluD E � �  (2) 

� �1 2 2 2t t t tflu gflu gflu fluD E E � � � � �  (3) 
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 � � � � �� � ¦  (9) 

 
where flu is the CDC estimate of ILI and gflu is the GFT estimate of ILI, week is a binary 
variable indicating week of observation, and ȕ and Ȗ are estimated regression coefficients. 
Specifications 1, 6 and 9 are the ones presented in Fig. S20. 
 
 



 
Fig. S20. CDC estimates of doctor visits for ILI compared with GFT, lagged estimates, and 
52-week seasonality. (Top) CDC estimates of percent doctor visits for ILI overlaid on estimates 
by GFT, lagged CDC estimates, and 52-week seasonality variables, and a combination of GFT, 
lagged CDC estimates, lagged error of GFT estimates, and 52-week seasonality variables. 
(Bottom) Error (as percent of CDC baseline) for GFT, lagged CDC estimates, and the 
combination of GFT and CDC data. 
 
Data and code for running all of these models and calculating their MAE and RMSE can be 
found in the /Manuscript/ folder of the replication materials and can be produced using the 
ParableOfGFT(Replication).dta data with the ParableOfGoogle Flu (Replication Code).do code 
file. The code for calculating statistical significance from this data can be found in the 
/SOM/SOM7/ folder of the replication materials [SOM7(Replication Code).do] (36). All 
calculations were done in Stata. 
 
As was done for the Policy Forum, all estimates are originally trained on the data before the 
release of the 2009 GFT update (6 September 2009). From that point on, predictions are done on 
a rolling basis, similarly to the way such a system would likely be deployed in the real world. 
Predictions in time step t + 1 are based on estimates from data on all previous time periods, ti � t. 
 
As the reader can see clearly in the table below, all of the specifications are an improvement on 
the GFT estimate in the out-of-sample (after 6 September 2009) period. The differences between 
all other models shown in Eqs. (2) to (9) and the GFT model are also statistically significant.  
 



The reader can also see that the models that combine the information from GFT with the 
information from the CDC (Eqs. 3, 7, 8, and 9) perform much better than their counterparts that 
use either the CDC data or the GFT data alone. Although the models presented in the Policy 
Forum are overspecified, they are not overfit, as their performance in this out-of-sample data is 
still an improvement over less highly specified models using the same data, although these 
differences are not always statistically significant. 
 
Measures of statistical significance will vary based on the loss function for the errors. In the 
Policy Forum, we report MAE, which is resistant to outliers. Table S4 reports these differences 
along with a sign test for statistical significance. The sign test evaluates the hypothesis that the 
median difference between the out-of-sample errors is zero. Although this is not a very powerful 
test, it makes few assumptions about the distribution of the data and is resistant to outliers. Other 
scholars have suggested that this makes it an attractive significance test for comparing forecast 
errors across nonnested models [e.g., (49), pp. 254–255]. The test is also somewhat conservative 
in this context, as the results cannot be driven by a few large GFT misses during the last flu 
season. 
 
A more common approach in regression forecasts is to report the RMSE and assume a squared 
error loss function (i.e., larger misses are more harmful than smaller misses). This is somewhat 
consistent with epidemiologists’ concern with estimating the size of the peak of flu season, 
which is also where forecast errors are highest. In this situation, a rather intuitive, but somewhat 
cumbersome, test of the null hypothesis that the mean squared forecast errors of the two models 
are equal (an F test) is suggested by Ashley et al. (50–52). These results, along with the RMSE 
are reported in Table S5. This test’s utility is somewhat limited by its assumption of squared 
error loss and its being only asymptotically justified (while the sign test is an exact finite-sample 
test), but the size of our out-of-sample cases is well above what Ashley (52) finds to be 
appropriate. 
 
 
  



Table S4. Comparison of Models – MAE with Sign Test for Significance. Values in the cells 
are the difference in MAE between models with P values (two-tailed) based on a sign test in 
parentheses. Error is estimated for the out-of-sample period (post 6 September 2009) using the 
dynamic procedure outlined above. 

 1 2 3 4 5 6 7 8 9 
1 -- 0.148 

(0.072) 
0.237 

(0.000)
0.134 

(0.000)
0.169 

(0.001)
0.174 

(0.000)
0.243 

(0.000) 
0.251 

(0.000) 
0.254 

(0.000)
2  -- 0.089 

(0.000)
-0.014 
(0.128)

0.021 
(0.038)

0.027 
(0.053)

0.096 
(0.000) 

0.103 
(0.001) 

0.106 
(0.000)

3   -- -0.103 
(0.019)

-0.068 
(0.000)

-0.063 
(0.000)

0.006 
(0.782) 

0.014 
(0.489) 

0.016 
(0.580)

4    -- 0.035 
(0.782)

0.041 
(1.000)

0.109 
(0.013) 

0.117 
(0.027) 

0.120 
(0.027)

5     -- 0.005 
(0.000)

0.074 
(0.000) 

0.082 
(0.000) 

0.084 
(0.000)

6      -- 0.069 
(0.000) 

0.077 
(0.000) 

0.079 
(0.000)

7       -- 0.008 
(0.213) 

0.010 
(0.489)

8        -- 0.003 
(0.072)

9         -- 
 

 
 
  



 
Table S5. Comparison of Models – RMSE with F-Test for Significance. Values in the cells 
are the difference in RMSE between models with P values (two-tailed) based on an F test in 
parentheses. Error is estimated for the out-of-sample period (post 6 September 2009) using the 
dynamic procedure outlined above.  

 1 2 3 4 5 6 7 8 9 
1 -- 0.371 

(0.000) 
0.435 

(0.000)
0.335 

(0.000)
0.410 

(0.000)
0.413 

(0.000)
0.449 

(0.000) 
0.482 

(0.000) 
0.487 

(0.000)
2  -- 0.064 

(0.072)
-0.036 
(0.139)

0.039 
(0.137)

0.041 
(0.110)

0.078 
(0.032) 

0.111 
(0.002) 

0.116 
(0.001)

3   -- -0.101 
(0.007)

-0.026 
(0.418)

-0.023 
(0.463)

0.014 
(0.261) 

0.046 
(0.000) 

0.051 
(0.000)

4    -- 0.075 
(0.001)

0.078 
(0.001)

0.115 
(0.003) 

0.147 
(0.000) 

0.152 
(0.000)

5     -- 0.003 
(0.416)

0.039 
(0.239) 

0.072 
(0.023) 

0.077 
(0.014)

6      -- 0.037 
(0.269) 

0.069 
(0.026) 

0.074 
(0.016)

7       -- 0.033 
(0.000) 

0.038 
(0.000)

8        -- 0.005 
(0.176)

9         -- 
 

  



8. Comparison With Nonlinear Models 
 
In this section of the SOM, we utilize a more flexible, nonlinear, technique for modeling the 
CDC ILI estimate. Linear models have dominated this particular area of analysis [see e.g., 4, 13, 
14)], and have clear advantages in simplicity and interpretability. Linear models, however, may 
be insufficient in the presence of even simple nonlinearities (53). This section serves as a check 
on whether we can gain substantial ground through use of simple nonlinear models.  
 
Replication for all of these results can be done using the code in the /SOM/SOM8/ folder of the 
replication materials. The code SOM8(Replication Code).do will allow the user to replicate the 
error plots in conjunction with the ParableOfGFT(Replication).dta data file in the /Manuscript/ 
folder using Stata (36). The neural network models were run using the “nnet” package in the R 
statistical programming environment (54). This code is also available in the /SOM/SOM8/ folder 
and is labelled SOMpt8(Replication Code).r (36). 
 
We begin by conducting the sanity checks suggested by Weigend and Gershenfeld  (53), p.  44; 
see also Smith, (55). The first check is to look at the distribution of errors to see if they are 
uniform or if there are a few large and unusual outliers. A cumulative distribution (Fig. S21) is 
plotted by the size of errors from the combination of GFT and CDC data presented in the Policy 
Forum in the out-of-sample data. While this seems to show the pattern Weigend and Gershenfeld 
are concerned about (very small errors along with a few large outliers), these outliers are very 
rare. 
  



Fig. S21. Cumulative Distribution of Errors from Combined GFT and CDC Model 
 

 
  



Similarly, Fig. S22 and S23 show the errors plotted against the actual CDC ILI data and the 
predicted values from the model, respectively. Here again, the errors look relatively uniform with 
a few relatively large (though not as large as for GFT by itself) exceptions.  
 
Fig. S22. Plot of Errors from Combined GFT and CDC Model Against Actual CDC ILI 
Values 
 

 
  



Fig. S23. Plot of Errors from Combined GFT and CDC Model Against Predicted Values 
 

 
 
These figures would seem to indicate that there is potential nonlinearity in the system, but the 
sparsity of these outliers and their location in the out-of-sample data mean that a nonlinear 
estimator may not produce any significant improvement. 
 
To test this, we used a simple feed-forward neural network model with a single hidden-layer 
architecture. This choice of model architecture is only one of many possible options. It does, 
however, provide a good first-cut estimation of the gains to be made from relaxing the linearity 
assumptions of the models in the Policy Forum. 
 
The greater flexibility of the neural network model requires us to specify an additional tuning 
parameter, namely, the number of nodes in the hidden layer. To set this parameter in a manner 
that avoids overfitting, we used leave-one-out cross-validation on the training data. We tested 
across a range of possible sizes for the hidden layer. Preference is given to the simplest 
architecture that cannot be significantly improved with an additional node.  
 
Another issue with neural network models (as is common in more flexible models) is that initial 
values, which are drawn using a quasi-random number generator, can subtly influence the 
results, especially when the amount of data available for training is not especially large. We thus 



evaluate all models over 50 runs to ensure that our results are not due to the behavior of random 
number selection (56, 57).  
 
As in the Policy Forum, the in-sample period is before the fielding of the 2009 GFT model, with 
the out-of-sample period estimated on a rolling basis—mimicking the deployment of GFT. 
 
The inputs for our three models are as follows: 

� �^ `2 2 2, ,t t t tgflu flu gflu flu� � ��  (1) 

� �^ `2 2 2, , ,t t t t itgflu flu gflu flu week� � ��  (2) 

� �^ `2 2 2 3 3, , , ( ),t t t t t t itgflu flu gflu flu gflu flu week� � � � �� �  
 (3) 

where flu is the CDC estimate of ILI and gflu is the GFT estimate of ILI.  
 
The variables used in models 2 and 3 are the same as those used in model 8 and 9 in the linear 
models. The variables for model 1 are a subset of those in model 2 without the seasonality 
component. 
 
The results of the leave-one-out cross-validation for model 1 are reported in Fig. S24. The lines 
chart the MAE across each run. Error seems to stabilize at its lowest level with 10 hidden nodes.  
 
Fig. S24. Leave-One-Out Cross-Validation for Model 1 

 
 
 
  



After 50 runs of the neural network model with 10 nodes in the hidden layer, we evaluated the 
MAE of the model. MAE for this neural networks model is 0.249, with a range between 0.215 
and 0.318. This is not a substantial improvement over the linear models presented in the Policy 
Forum. 
 
Model 2 adds in the seasonality component. Here again, we start with the leave-one-out cross-
validation to establish the number of hidden nodes. Fig. S25 seems to suggest stabilization 
around five nodes in the hidden layer. 
 
 
Fig. S25. Leave-One-Out Cross-Validation for Model 2 

 
 
Here again, however, this model does not, on average, outperform the simple linear model in the 
Policy Forum. The MAE for this model is 0.240 with a range from 0.217 to 0.297. It is clearly an 
improvement on the model without seasonality, but it is still not an improvement on the linear 
model. 
 
The final model uses all of the variables from the combined CDC and GFT model in the Policy 
Forum. Fig. S26 shows the results of the cross-validation procedure. As with model 2, it appears 
to stabilize around five hidden nodes.  
 
  



Fig. S26. Leave-One-Out Cross-Validation for Model 3 

 
 
Although this model comes close to replicating the error rate of the linear model, it is very 
difficult to distinguish from the linear model (the average difference is measured in 1/1000ths of 
a point). The average MAE across 50 runs of the model is 0.236, with a range from 0.198 to 
0.273.  
 
Clearly, the results presented here cannot reject the possibility that a nonlinear model will 
perform better (i.e., perhaps a more complex neural network architecture would improve the 
results), but it does suggest that the linear models presented in the Policy Forum are very 
difficult to outperform through simple relaxation of the linearity assumption. We should also 
note that linear models likely perform well in our situation because we are only predicting a 
couple of steps into the future (technically, we are “nowcasting”—trying to figure out current 
levels when measurement lags the event). In studies that have attempt to predict influenza levels 
months in advance, like those cited in the Policy Forum, nonlinearity looms much larger. It is 
also possible that, since there were only a few large outliers that occurred primarily in the out-of-
sample data, nonlinear prediction will become more pertinent over time. 
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