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Abstract: Google Trends data can be informative for infectious disease incidences, including Lyme disease.
However, the use of Google Trends for predictive purposes is underutilized. In this study, we tested the ability
of Google Trends search data to predict monthly state-level Lyme disease case counts in the United States. We
requested Lyme disease data for the years 2010-2021. We downloaded Google Trends search data on terms for
Lyme disease, symptoms of Lyme disease, and diseases with similar symptoms as Lyme disease. We built
mixed negative binomial models based on a training dataset (2010-2016) and tested the models on a test dataset
(2017-2021). A model was built for each search term and monthly lags of search terms were included as
predictors. The highest performing models had high predictive ability, indicated by low Root Mean Squared
Errors (RMSEs) and close association between observed and predicted case counts. The highest performing
model was for the search term “Summer Flu”, which indicates low specificity of some of the terms. We outline
challenges of using Google Trends data, including data availability and a mismatch between geographic units.
We discuss opportunities for Google Trends data, including prediction of additional zoonotic diseases and

incorporating environmental and companion animal data.

Keywords: Google Trends; disease prediction; Lyme disease; Lyme; Big Data; One Health; negative
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1. Introduction

Google Flu Trends (GFT) was a service operated by Google to predict outbreaks of flu and was
discontinued in 2015 due to inaccurate predictions. GFT trends overestimated flu prevalence by over
50% in 2011-2012, which some researchers blamed on the increased media coverage and google
searches for “swine flu” and “bird flu” [1]. A recent study indicated that a simple heuristic model
predicted flu incidence better than the GFT black box algorithm [2]. However, Google Trends may
still have potential to be an affordable, timely, robust, and sensitive surveillance system [3] given
refinement of search terms, monitoring and updating of the algorithm, and use of additional data
streams [1,4]. Google Trends data have been evaluated for their correlation with multiple zoonotic
diseases, including Zika [5], salmonellosis [6], encephalitis [7], and Lyme disease [8]. These
correlative studies show promise, although the use of Google Trends data for zoonotic disease
prediction is underutilized. Lyme disease has been deemed a public health crisis and is reported at
epidemic levels in certain geographic areas and is spreading to new geographic areas. Here, we
demonstrate how Google Trends data can be used for prediction of Lyme disease cases. We build on
previous work from Kim et al., 2020 [9], who investigated the spatial-temporal associations of
monthly Lyme disease incidence and Google Trend search data in the United States from 2011-2015
and found that there were similar patterns between the search patterns and incidence at the state-
level and at the metro-level in Texas. However, the authors noted that validation of the method is
needed due to the non-specific symptoms of Lyme that correspond to other conditions. In addition,
the analysis was correlative rather than predictive. Therefore, we aimed to validate their findings by
analyzing search terms for diseases with similar symptoms, including fibromyalgia, multiple
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sclerosis, and arthritis. In addition, we aimed to build predictive models for Lyme disease incidence
by state to improve the utility of the models. The results of this paper serve as a case study for using
Google Trends search data for prediction of zoonotic disease incidences. Due to the high predictive
value of the models in this study, we recommend further testing Google Trends for its utility in
predicting other zoonotic diseases.

2. Materials and Methods

2.1. Data retrieval

The Lincoln Memorial University Institutional Review Board approved the study protocol (1075
V.0). Monthly state-level Lyme disease case count data from 2010-2021 were requested from multiple
state public health departments or obtained from online repositories. Only states with 10 or more
cases in 2019 were considered [10]. The final states included in the analysis were based on
convenience, lack of missing or concerns regarding protection of individually identifiable health
information, and data availability.

Google Trends search data was downloaded using the ‘gtrendsR’ package in R version 4.0.2.
[11,12]. Google Trends reports data as “interest over time,” which ranges from 0 to 100 and represents
the terms current interest level compared to its highest interest level (at 100). Search terms were
selected by evaluating previous research [9] and through discussions of the primary literature and
colloquial knowledge by the study team. The final list of search terms included terms for Lyme
disease (“Lyme”, “Lyme disease”, and “Lymes”), tick (“seed tick”), symptoms of Lyme disease (“tick
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bite”, “bone pain”, “stiff neck”, “circular rash”, “brain fog”, tick fever”, “tick rash”, “bulls eye”,
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“droopy eye”, “muscle ache”, and “lethargy”), and diseases with similar symptoms as Lyme disease
(“bells palsy”, “arthritis”, “fibromyalgia”, “multiple sclerosis”, “chronic fatigue”, “Summer Flu”, and
“Rocky Mountain Spotted Fever”). The search terms for diseases with similar symptoms were used
to test specificity of the search terms for Lyme disease and its symptoms for predicting Lyme disease

case count.

2.2. Statistical analysis

Mixed negative binomial regression models were built using the ‘menbreg’ command in Stata
version 17.0 [13] to predict the number of Lyme disease cases after determining the data were over-
dispersed. Data were split into training (2010-2016) and test datasets (2017-2021). Separate models
were built by search term, so in total, 22 models were tested. Monthly lags of search volumes were
used as predictors (i.e., one month prior, two months prior, etc.) until statistical insignificance of the
newest term was achieved. Random intercepts for state, year, and month were included to adjust for
clustering of the data. Predictive ability was assessed in the test dataset via root mean squared error
(RMSE) and through plots of the observed versus predicted counts. RMSE was calculated using the
following equation for each observation (i) within state (j) within year (k) within month (I) [14]:

1 X _
RMSE = |~ Z (0,—E, )2
ijkl=1
where O is the observed Lyme disease case count and E is the expected, or predicted, case count.
RMSE can be interpreted on the same scale as the outcome (Lyme disease case count) and is the
average deviation of expected versus observed counts. Therefore, the lower the RMSE, the better the
model is at predicting Lyme disease case count.

3. Results

The final sample included data from 16 states (Figure 1). Seven of the 16 states are considered
high incidence states according to the CDC (https://www.cdc.gov/lyme/datasurveillance/lyme-
disease-maps.html). All available data provided from 2010-2021 was used for the analysis and states
had variable levels of missing data (Table 1). Data notes and caveats supplied from health
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departments are listed in Supplementary File 1. Washington had the lowest amount of missing data
and Virginia had the highest amount of missing data. Descriptive statistics of the average monthly
Lyme disease case counts stratified by state are summarized in Table 1.

Legend

Provided Data

Lyme Disease Incidence +Q
[ High
[ Low

Figure 1. Map displaying states included in analysis (dots) and by high (red) versus low (blue)
incidence.

Table 1. Descriptive statistics for monthly Lyme disease case count by state included in analysis (N =
1879 observations).

State N Mean SD Minimum Median Maximum
California 132 10.0 7.0 1 8 34
Connecticut 108 206.0 170.3 11 152.5 860
Indiana 84 10.2 13.1 0 4 51
Kansas 132 2.2 2.3 0 2 10
Maine 132 113.3 112.1 12 71 557
Michigan 120 19.2 25.2 0 9 127
New Hampshire 132 106.1 103.6 2 64 527
North Dakota 140 2.8 3.9 0 1 21
Oregon 96 29.1 22.2 1 25.5 89
Rhode Island 108 78.6 61.9 14 56.5 269
South Carolina 132 3.8 2.8 0 3 15
Texas 84 3.9 3.9 0 3 16
Vermont 131 55.7 64.8 1 28 312
Virginia 72 87.6 63.8 3 78 261
Washington 144 25 3.2 0 1 18
West Virginia 132 38.6 60.5 0 17 396

3.1. Predictive models

Multiple terms were significantly associated with Lyme disease case count (Table 2), including
all terms for Lyme diseases and multiple terms for symptoms. However, terms for diseases with

77

similar symptoms were also significant, including “arthritis”, “Rocky Mountain Spotted Fever,” and
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“Summer Flu”, which indicates low specificity of these selected terms. The strongest predictive term
for Lyme disease case count was “Summer Flu”, which had the lowest overall RMSE value (Table 3).
The RMSE for “Summer Flu” was 1.7, which can be interpreted as: on average, the model with search
terms for “Summer Flu” predicted within 1.7 cases of the actual case count. Even for the highest
incidence state, Connecticut, the model predicted within 7 cases of the actual case count on average.

Table 2. Mixed negative binomial models predicting monthly Lyme Disease case count based on
Google trends search term in training dataset (N = 1134 observations).

Term Coefficient SE P-value
Symptoms
"Bulls eye" Lag 1 0.008 0.002 <0.001
"Bulls eye" Lag 2 0.006 0.002 0.001
Intercept 2.28 0.464 <0.001
"Droopy eye" Lag 1 0.005 0.003 0.036
Intercept 2.41 0.452 <0.001
"Stiff neck" Lag 1 0.013 0.005 0.004
Intercept 2.61 0.408 <0.001
"Tick bite" Lag 1 0.03 0.002 <0.001
"Tick bite" Lag 2 0.014 0.002 <0.001
Intercept 1.837 0.385 <0.001
"Tick fever" Lag 1 0.019 0.002 <0.001
"Tick fever" Lag 2 0.014 0.002 <0.001
Intercept 2.34 0.43 <0.001
"Tick rash" Lag 1 0.023 0.002 <0.001
"Tick rash" Lag 2 0.012 0.002 <0.001
Intercept 2.35 0.384 <0.001
Similar diseases
"Arthritis" Lag 1 0.008 0.003 0.006
"Arthritis" Lag 2 0.01 0.003 0.001
"Arthritis" Lag 3 0.013 0.003 <0.001
Intercept 0.803 0.475 0.09
"Rocky Mountain Spotted Fever" Lag 1 0.015 0.002 <0.001
"Rocky Mountain Spotted Fever" Lag 2 0.01 0.002 <0.001
Intercept 2.05 0.373 <0.001
"Summer Flu" Lag 1 0.036 0.005 <0.001
Intercept 2.314 0.298 <0.001
Lyme disease
"Lyme" Lag 1 0.035 0.002 <0.001
"Lyme" Lag 2 0.001 0.002 <0.001
Intercept 0.878 0.326 0.007
"Lymes" Lag 1 0.019 0.001 <0.001
"Lymes" Lag 2 0.011 0.001 <0.001
Intercept 1.653 0.394 <0.001
"Lyme Disease" Lag 1 0.041 0.002 <0.001
"Lyme Disease" Lag 2 0.013 0.002 <0.001
Intercept 1.138 0.416 0.006
Tick
"Seed tick" Lag 1 0.034 0.011 0.003

Intercept 2.6 0.358 <0.001
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Table 3. Root mean squared error (RMSE) of predictions from model predicting monthly Lyme
disease case count stratified by Google search term! .

CA CT IN KS ME MI NH ND OR RI SC TX VA VT WA WV Al

Symptoms
Bullseye 54 79.7 12 22 904 252 686 - 192 - 27 31 457 - 33 - 411
Droopyeye 55 358 33 18 66.1 125 648 - 128 - 29 22 99 - 24 30.3
Stiff neck 7.1 108.8 14.7 2.6 1285 326 99.7 4.6 257 629 33 38 66 735 4 814 593
Tick bite 8.7 705.6 21.4 54 253.8 474 2347 42 81.8 221.7 11.2 2.5 4071 1289 55 758 1842
Tick fever 2.2 432 74 15 476 135 347 - 129 301 18 15 212 365 18 419 257
Tickrash 9 2252 153 23 108 21 594 - 316 612 32 27 75 814 38 653 655
Similar Diseases
Arthritis 6.3 993 14.4 25 1231 328 879 45 235 662 33 3.6 644 638 37 80 56
RMSF 1.6 284 57 12 27 98 186 21 81 181 13 14 124 221 18 219 144
Summer Flu 1 7 13 09 12 14 11 12 12 1 08 09 1 1.2 1 12 17
Lyme Disease
Lyme 105 1437 7.6 16 985 223 524 24 478 534 48 38 1286 33 41 71 517
Lyme disease 14 77 7 17 741 242 419 27 511 436 57 41 1274 381 44 856 438
Lymes 55 826 13.8 23 923 238 682 32 28 615 32 3 754 495 37 656 457
Tick
Seed tick 6.8 107.3 144 2.6 130.1 309 967 - 256 641 33 36 546 737 4 82 614
Missing values in table are due to low search volume. RMSF: Rocky Mountain Spotted Fever.

We used mean monthly Lyme disease case count as calculated from the data to define states into
“very high incidence” (>78.6), “high incidence” (19.3-78.6) “low incidence” (3.9-19.2) and “very low
incidence” (<3.9) categories for data presentation in Figures 2-5. Results for the term “Summer Flu”
are presented. The predicted case counts closely follow the observed case counts for all states and
incidence levels, which indicates high predictive ability.
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201
15+
10+
i MJW |
.t. (| l | ||
o mn Lwl ' A *" '
——— Observed cases
Texas Washington —— Predicted cases
20+
15+
10 “ |
] * ﬂ% Ij Iﬁ ,+
0+ ! lh -.-'la_|rr M,I 'rd W "1
0 50 100 150 0 150

Time in months (0=January 2010}

Figure 2. Observed (blue line) versus predicted (red line) monthly Lyme disease case counts using
the search term “Summer Flu” for very low incidence states. Training data used for 2010-2016.
Predictions generated for 2017-2021.
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Figure 3. Observed (blue line) versus predicted (red line) monthly Lyme disease case counts using
the search term “Summer Flu” for low incidence states. Training data used for 2010-2016. Predictions
generated for 2017-2021.
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Figure 4. Observed (blue line) versus predicted (red line) monthly Lyme disease case counts using
the search term “Summer Flu” for high incidence states. Training data used for 2010-2016. Predictions
generated for 2017-2021.
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Figure 5. Observed (blue line) versus predicted (red line) monthly Lyme disease case counts using
the search term “Summer Flu” for very high incidence states. Training data used for 2010-2016.
Predictions generated for 2017-2021.

4. Discussion

Google Trends data are freely available and downloadable, which provides accessibility for
researchers, epidemiologists, and health departments. Google Trends were used by the CDC for
prediction of yearly influenza cases, but eventually they discontinued use due to low predictive
ability [1]. In this study, we assessed the predictive ability of Google search terms for monthly Lyme
disease case count at the state level. We found that the models produced accurate predictions, as
demonstrated by the closeness of the predicted and observed case counts. We conclude that Google
Trends data have potential to be a tool for zoonotic disease incidence prediction.

Interestingly, the most predictive term for Lyme disease case count was “Summer Flu.”
“Summer Flu” performed better than terms for Lyme disease and common Lyme disease symptoms,
which indicates low specificity of the search terms. Searches for “Summer Flu” may be more of an
indicator of season and temperature than actual Lyme disease symptoms. However, this term still
could still be useful in predicting Lyme disease risk, due to the large environmental influence on
Lyme disease risk, such as the effect of temperature and humidity on nymph and adult tick
metamorphosis and activity [15,16]. “Summer Flu” searches may also indicate undiagnosed or
misdiagnosed Lyme disease [17].

One of the challenges of this type of research is obtaining Lyme disease case data. In the United
States, each state health department tracks and reports Lyme disease data and there is not a
centralized data system. The health departments then report yearly data to the CDC. The system for
requesting data in each state varies. Some states have data readily available for use on their official
websites, whereas others require full Institutional Review Board review. In addition, case definitions
are not consistent across state or even across time, although this did not seem to impact the
performance of the models. Some states with low case counts censored small cell sizes, so we were
unable to include those states in the analysis. Another challenge is the geographical units of the
Google Trends search data. Google Trends data does not report at the county level, likely due to
search volume and data privacy issues. The smallest geographical unit reported is at the metro-level,
which are geographical areas that correspond to metropolitan areas. Unfortunately, this does not
correspond directly to county-level data, which is how most health departments report case data.
Another challenge is selecting search terms. In the future, we recommend considering regional
differences in terminology when selecting Google trends search terms. In addition, we recommend
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considering search volume. In less-populated states, some of our selected Google Trends search terms
did not reach an adequate search volume to use in the models.

A nationwide, centralized data reporting system for monthly Lyme disease cases would
improve the feasibility of utilizing Google Trends for Lyme disease prediction. Currently, the CDC
maintains a Lyme disease data dashboard, although the units reported are at the yearly level, which
makes finer prediction not possible. Lyme disease cases are now reported at epidemic levels in some
areas and there should be urgency in improving access to data [18].

In our study, we used one- and two-month lags of search terms, which leaves little time for
immediate intervention. Future studies can determine how early we can predict increases in Lyme
disease case counts. For example, we can build models that predict a season or a year in advance. In
addition, future studies should investigate the inclusion of environmental, tick, and companion
animal data for model refinement and to consider the full One Health triad. Future studies can also
validate the findings of this case study in other zoonotic diseases and determine if the Lyme models
continue to be accurate over time. There is a risk that with more media attention on Lyme disease,
the models will be less predictive.

5. Conclusions

In the study, we demonstrate the use of Google Trends search data for prediction of monthly
Lyme disease case counts at the state-level. The models produced accurate predictions for both low
and high incidence states. We outline challenges for Google Trends disease prediction, such as data
availability and mismatch of Google Trends geographical units with county case counts. However,
there are many opportunities for utilizing Google Trends data, as it is a free, publicly available
resource and has not yet been tested for predictive ability for many zoonotic diseases. Integration of
environmental, tick, and companion animal data is the next step to make it a true One Health model.
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