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Introduction
Exposure to the sun is a major contributing factor in 
basal cell carcinoma, squamous cell carcinoma, and 
melanoma of the skin [1-4]. Risks associated with 
sun exposure can be mitigated through safe sun 
protective practices [5-8], but achieving behavioral 
change in affected populations continues to be a 
public health challenge [5, 9-15]. Better understanding 
patient mindset regarding sun exposure and the 
epidemiologic prevalence of sunburn is critical to 
designing effective preventative measures [6]. This 
study explores the utilization of end-user internet 

search engine activity as a mechanism to assess these 
variables. By combining ultraviolet index data from 
the National Weather Service [16] with search activity 
data from Google [17] over a twelve year period, this 
study demonstrates strong evidence that internet 
search engine activity is an effective and efficient 
tool for assessing both prevalence of and attitudes 
about sunburn in the United States.

The Google search engine records search activity for 
a variety of uses, one of which is the Google Trends 
utility [17]. Medical researchers have employed 
Google Trends to study patient populations within 
geographic locations in a number of settings. 
Research has established a relationship between 
variations in alloaerogens, such as pollens or spores, 
and Google search activity for associated symptoms 
[18-20]. Extensions facilitating collection of this data 
have been proposed that would facilitate analysis 
of Google Trends information in a broad spectrum 
of otolaryngological applications [21]. From an 
infectious epidemiologic perspective, researchers 
have already determined a strong link between 
search activity and influenza outbreaks [22, 23].

Sunburn is a form of a radiation burn that affects 
living tissue, including the skin [3]. The scientific 
evidence for causality between ultraviolet radiation 
and sunburn is overwhelming [4, 24-28]. To establish 
that sunburn-related search activity is strongly 
associated with prevalence of sunburn, the ultraviolet 
index reported by the National Weather Service can 
be used [16]. If there is a sufficiently strong statistical 
relationship between this index and sunburn-related 
search activity, it is proposed that search activity is 

Abstract

We establish a strong, positive relationship between 
the Ultraviolet Index and Google search engine activity 
for sunburn-related terms in the United States. Using 
the Google Trends utility and data available from the 
National Weather service, we combine data from a 
twelve-year period to produce panel data for each 
state. We fit a time-series regression model of search 
activity and perform statistical tests on the resulting 
parameter estimates. This study lays the groundwork 
for using search-related data to assess the prevalence 
of, and attitudes about sunburn. By tracking the 
frequency of searches about preventative measures 
like “sunscreen” or “protective clothing” versus 
treatment measures like “sunburn relief,” researchers 
could measure the effectiveness of awareness and 
prevention programs.
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an effective measurement of sunburn prevalence. 
Such a tool contains a wealth of metadata to include 
whether a population is searching for information 
about preventive measures, e.g. “best sunscreen” or 
about treatment, e.g. “peeling sunburn.”

Findings
Google Trends (https://google.com/trends) was used 
to collect internet search frequency data for the 
term “sunburn.” Time series were collected for all fifty 
states. Concatenated, these datasets formed 18,255 
observations from January, 2004 to March, 2016. 
Depending on the raw frequency of traffic, Google 
Trends provides the time series in either weekly 
or monthly resolution. We refer to this aggregate 
collection of data as the sunburn search index (SSI).

The Climate Prediction Center (CPC) of the National 
Weather Service makes historical ultraviolet index 
(UVI) data available via a file transfer protocol server 
(ftp.cpc.ncep.noaa.gov). All fifty states had at least 
one measuring station available, with 1 states having 
more than one. CPC provides daily resolution for 
UVI at each station’s location. Concatenated, these 
datasets formed 252,537 observations from January 
2004 to December 2015. There are two versions 

of UVI available: clear sky and cloudy. The former 
ignores the dampening effect of cloud cover on UV 
radiation, whereas the second attempts to model 
this attenuation. Analysis was performed upon 
both versions of the index and the conclusions were 
identical. For simplicity, the cloudy UVI is presented 
for the remainder of the paper, as our statistical 
model selection indicated better fit with the cloudy 
variation.

In order to best analyze the datasets, they were 
joined. A join is the association of objects in one data 
source with objects that share a common attribute in 
another data source. All Google Trends search activity 
observations with weekly resolution were joined by 
averaging all observations within a given month. 
Next, the CPC’s UVI data was converted to monthly 
resolution in a similar fashion, for all observations 
within a given state in a given month, and an average 
was calculated. With these modifications, the search 
activity and UVI could be joined at the state/month 
level. The resulting dataset ranged from January 
2004 to December 2015. The original data and the 
scripts required to join them into the final dataset is 
available online from the authors at https://github.
com/jlospinoso/uvi-sunburn.

!
Figure 1. Ultraviolet Index (UVI) and Google Sunburn Search Index (SSI) time series by state. Time series is given at monthly 
resolution. UVI (in pink) and SSI (in blue) are scaled to fit onto 0 to 100 y-axis.

https://github.com/jlospinoso/uvi-sunburn
https://github.com/jlospinoso/uvi-sunburn
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The UVI and SSI time series are given in Figure 1. As 
expected, the UVI series is strongly periodic and has a 
seasonal nature. In general, the series do not appear 
to drift much from one year to the next and they are 
highly regular. There is clearly variation between 
states. Compare, e.g., Alaska (AK) and Arizona (AZ); 
the amplitude, or peak UVI, of Arizona is far greater, 

as intuition might predict. Compared with the UVI 
time series, there is far more heterogeneity between 
states for SSI. For a number of states, notably Alaska 
(AK), Delaware (DE), North Dakota (ND), Vermont (VA), 
and South Dakota (SD) there is barely any non-zero 
SSI in the series. For others like Arizona (AZ), Idaho 
(ID), Maine (ME), New Hampshire (NH), Nebraska 

Figure 2. Google Sunburn Search Index by state. Box and whisker plots are given by month. The box represents the first 
through third inter-quartile range, and dots represent the mean value for the given month.

!

!
Figure 3. Google SSI vs. UVI with variance stabilizing transformation applied [36]. LOESS regression or linear regression 
given in red [37].
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(NE), Montana (MT), Nevada (NV), New Mexico (NM), 
Utah (UT), West Virginia (WV), and Wyoming (WY), 
the SSI is zero until roughly half-way through the 
observational period. One possible explanation for 
this non-stationarity in the time series is the adoption 
of internet searching into these areas. Regardless, 
it will be important during analysis to allow for this 
heterogeneity between (and within) states. It is fairly 
clear from Figure 1 that there is a strong, seasonal 
correlation between SSI and UVI.

Despite substantial difference among states in the 
magnitude of SSI across time series, the seasonality 
is still fairly discernible. Figure 2 gives box and 
whisker plots for each month’s SSI, given by state. 
It is clear that SSI is elevated during the months of 
May to July virtually across the board. For some other 
states, e.g. Alabama, Hawaii, Florida, New Jersey, and 
South Carolina, the SSI increases even earlier during 
the months of March and April. One possibility is 
that these states are coastal and represent vacation 
destinations for beach goers, who are at particular 
risk for sunburn.

An important question is whether or not Google’s 
SSI is driven by the UVI. Figure 3 illustrates SSI vs. 
UVI at the state level. The hypothesis is that there is 
a positive relationship between these two variables 
(i.e. a positive slope). Figure 3 contains both the 
raw data (as blue, circular points) and a regression 
line (as red, solid lines) for each state. As expected, 
there is significant heterogeneity in this relationship 
at the state level. It will be crucial to account for this 
heterogeneity in the statistical modeling process. 
Nonetheless, there appears to be a very strong, 
positive relationship between UVI and SSI for most 
states.

The collected Google SSI forms so-called panel 
data [29] where multiple time series are present. 
Since the data contains time series, it is required to 
control for autocorrelation, i.e. the dependency of 
observed search activity on previous search activity. 
Failure to account for autocorrelation present in the 
data can cause serious inferential problems [30-
33]. Accordingly, statistical modeling of SSI requires 
careful consideration. We are interested in how the 
UVI index drives the frequency of search terms; if 
we fail to specify a reasonable statistical model, we 

would risk obtaining erroneous results.

Since each state has a time series, it may be required to 
incorporate temporal features such as autoregressive, 
integrative, and moving-average (ARIMA) coefficients 
[29, 34]. It is possible to diagnose autocorrelation 
issues through analysis of the partial autocorrelation 
function. If an inadequate model specification is 
found, modifications can be made. This three-stage 
modeling approach follows the popular Box-Jenkins 
methodology [35].

The form of the linear model entails capturing the 
dependency of SSI on the covariates through its 
mean:

mean(Sit)=α+αi+αt+(β+βi)Uit+γ1Sit-1+γ2Sit-2+...

in which Uit is the UVI, β is the UVI coefficient, βi is 
its state-specific counterpart, α is constant, α is a 
state-specific constant, αt is a time-specific constant, 
and γ are so-called autocorrelation coefficients. The 
variable of interest is β, or UVI coefficient. If strongly 
positive, it would indicate that SSI increases when the 
UVI increases. As is generally advised in the statistical 
literature, variance-stabilizing transformations [36] 
of the covariates will be tested for improved fit. 
Such transformations can have a dramatic effect 
on residuals, possibly mitigating obvious violations 
of model assumptions, e.g. that the residuals are 
normally distributed [37].

The final model is presented in Table 1. A square 
root transformation for all UVI- and SSI-related terms 
yielded superior model fit. A monthly lag for both UVI 
and SSI, coupled with an 11- and 12-month lag term 
for SSI removed all partial autocorrelations out to a 
year. Random effects [38] were grouped at the state 
level and included an intercept, the UVI coefficient, 
and the monthly UVI lag coefficient. Fixed effects [39] 
were included for each month (January is the base 
case) and each year (2005 is the base case).

The contemporaneous UVI had a strong, positive, 
and statistically significant effect on the SSI. For each 
one-unit increase in the square root of UVI, a 2.30-
unit increase in the square root of SSI is expected. 
The UVI lag effect is negative, but smaller than the 
contemporaneous effect (-1.58). This suggests 
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Table 1. Estimation results from a mixed-effects maximum likelihood estimation on SSI.

Estimate Std. Err. p-value

UVI 2.30 0.19 0.00

UVI lag -1.58 0.18 0.00

SSI lag 1 0.27 0.01 0.00

SSI lag 11 0.06 0.01 0.00

SSI lag 12 0.20 0.01 0.00

Intercept -1.68 0.22 0.00

February -0.45 0.10 0.00

March 0.02 0.13 0.87

April 0.48 0.17 0.00

May 1.39 0.21 0.00

June 2.52 0.24 0.00

July 1.37 0.25 0.00

August -0.06 0.25 0.81

September 0.02 0.22 0.94

October 0.52 0.18 0.00

November 0.79 0.13 0.00

December 0.68 0.10 0.00

2006 -0.16 0.12 0.18

2007 0.15 0.12 0.21

2008 0.28 0.11 0.02

2009 0.31 0.12 0.01

2010 0.50 0.12 0.00

2011 1.18 0.12 0.00

2012 1.08 0.12 0.00

2013 1.09 0.12 0.00

2014 1.03 0.13 0.00

2015 1.02 0.12 0.00

2016 1.10 0.21 0.00
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would-be sunburn searchers tend to search even 
more when there is a sharp increase in UVI when 
compared to a consistently high UVI. There is a 
moderate autocorrelation in SSI; for every one-unit 
increase in the square root of SSI, a 0.26-unit increase 
is expected in the square root of the following month’s 
SSI. Interestingly, there is an annual component to 
the SSI’s autocorrelation, as we expect an additional 
0.20 unit increase a year later.

There are yearly fixed effects. From 2007 to 2011, 
there is a steady increase in SSI in general. From 
2012 onward, the fixed effects seem to be roughly 
equal. There are also monthly fixed effects. During 
the months of April and May, SSI is elevated. The 
monthly fixed effect peaks during June (+2.52 over 
January) and backs off a bit in July (+1.37). That 
August and September do not have a statistically 
significant difference from January lends additional 
evidence to the argument that increases in UVI have 
compounding effects on SSI.

Discussion
As expected, UVI has a strong, positive, and 
statistically significant effect on SSI. The nature of the 
lag terms indicates that sharp increases in UVI tend 
to increase SSI more than sustained, high levels of 
UVI. One possible interpretation of this evidence is 
the following: when UVI rises sharply, the prevalence 
of sunburn also increases sharply. Once an individual 
has developed a sunburn, he/she will tend to take 
steps to mitigate sunburn in the immediate future. 
The heavily seasonal nature of the fixed-effects lends 
some additional evidence to this explanation; during 
April, May, and June—months that are associated 
with activities where sun exposure could be 
elevated—there are additional contributions to SSI 
(even controlling for UVI and lag effects). Essentially, 
the early months of the sunning season could tend to 
catch people off-guard. When compared to July and 
August—also months associated with elevated sun 
exposure—this effect disappears, lending evidence 
to the notion that once a person has been sunburned, 
he/she is less likely to get burned again later in the 
season.

Conclusion
Having established that UVI does indeed drive SSI, 
there is strong evidence that SSI can be used as a proxy 

for the prevalence of sunburn. Accordingly, it would 
be instructive to refer to the nature of the searches 
about sun exposure. Future work could analyze the 
interplay between searches for e.g. “sunburn” and 
“sunblock.” Since both SSI and UVI can be obtained 
at fairly granular geographic levels, it may be 
possible to use them as instruments to measure the 
effectiveness of sunburn awareness campaigns. For 
example, if searches for sunburn prophylaxis increase 
whereas searches about sunburn remedies decrease 
after an intervention, it could be used as evidence to 
substantiate the effectiveness of the intervention.
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