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Abstract

Introduction: Online cigarette dealers have lower prices than brick-and-mortar retailers and adver-
tise tax-free status.™® Previous studies show smokers search out these online alternatives at the
time of a cigarette tax increase.> However, these studies rely upon researchers’ decision to con-
sider a specific date and preclude the possibility that researchers focus on the wrong date. The
purpose of this study is to introduce an unbiased methodology to the field of observing search
patterns and to use this methodology to determine whether smokers search Google for “cheap
cigarettes” at cigarette tax increases and, if so, whether the increased level of searches persists.
Methods: Publicly available data from Google Trends is used to observe standardized search vol-
umes for the term, “cheap cigarettes” Seasonal Hybrid Extreme Studentized Deviate and E-Divisive
with Means tests were performed to observe spikes and mean level shifts in search volume.
Results: Of the twelve cigarette tax increases studied, ten showed spikes in searches for “cheap
cigarettes” within two weeks of the tax increase. However, the mean level shifts did not occur for
any cigarette tax increase.
Conclusion: Searches for “cheap cigarettes” spike around the time of a cigarette tax increase, but the
mean level of searches does not shift in response to a tax increase.The SHESD and EDM tests are unbi-
ased methodologies that can be used to identify spikes and mean level shifts in time series data without
an a priori date to be studied. SHESD and EDM affirm spikes in interest are related to tax increases.
Implications:
e Applies improved statistical techniques (SHESD and EDM) to Google search data related to
cigarettes, reducing bias and increasing power
e Contributes to the body of evidence that state and federal tax increases are associated with
spikes in searches for cheap cigarettes and may be good dates for increased online health mes-
saging related to tobacco

Introduction

Researchers have found that, traditionally, cigarette taxes are an
effective policy to reduce cigarette consumption and/or increase state
revenues.! However, in a time when online shopping gives the aver-
age consumer access to hundreds or thousands of alternative vendors
(including those who advertise tax-free wares) with just a few clicks,

smokers may seek to mitigate the burden of these tax increases by
searching online for cheaper cigarettes. Researchers have adequately
described the alternative markets for cigarettes available online.>®
Though searches for cheaper cigarettes do not necessarily translate
into online cigarette purchases, the notion that tax increases may
encourage smokers to (A) circumvent tax policies and/or (B) search
out cheaper alternative channels concerns policy makers and piques
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the interest of researchers. Indeed, previous studies™® have used
search volume data to show that searches for cigarette market alter-
natives spike at the time of state and federal tax increases for tobacco.
However, a major limitation to these studies is that their methodolo-
gies require a decision by the researchers to focus on a specific date—
the date of the tax increase. This decision precludes the possibility that
other dates are more important predictors of search spikes for cheap
cigarettes and/or mean level shifts in the search volumes for cheaper
cigarettes, possibly biasing the results.

The present study contributes to the body of work relating tax
increases to search volumes by introducing two statistical tech-
niques not previously used in substance use research, the Seasonal
Hybrid Extreme Studentized Deviate (SHESD)'! and the E-Divisive
with Means (EDM)'? tests. The results of the SHESD and EDM
tests are the identification of patterns referred to as “spikes”
and “breakouts” (respectively). A spike is a sudden increase in
searches for a specific term, whereas a breakout is a sudden shift
in the mean level of searches. The literature®!® would suggest that
“spikes” are more likely a result of cigarette tax increases, and so
the analysis is focused on spikes. Previous tests using similar data
have also sought to identify spikes and breakouts. However, the
SHESD and EDM identify spikes and breakouts in time series data
without requiring the researcher to specify a certain date of inter-
est, while techniques such as least-square regression forecasting
require researchers to define a specific date for analysis. Therefore,
the SHESD and EDM tests can potentially reduce bias resulting
from researchers choosing to study a date that matches their a
priori hypothesis.

Beyond the improvement to study bias, the SHESD and EDM are
designed to exclude other anomalies in the dataset during the analy-
sis through a recursive data reduction process (see the methods sec-
tion), increasing the power of the tests. Previously used techniques
(e.g., relative mean increases,!® least squares forecasting’) lack the
ability to detect anomalies in otherwise “noisy” data.

The increased precision of the SHESD and EDM tests relative
to tests used in previous studies adds to the power of statistical
analysis relative to previously used tests. In this domain—search
volumes related to cigarette tax increases—the SHESD and EDM
make possible analysis of state-level (rather than just federal) cigar-
ette tax increases, which by virtue of having fewer “searchers” tend
to have increased variance. There have been relatively few federal
tax increases in the United States; the vast majority of cigarette tax
policies are enacted at the state level. Therefore, an analysis of the
search volume data with SHESD and EDM can determine whether
search queries spike or “breakout” in the state where a cigarette tax

Table 1. Tax Increases and Observation Periods

is imposed and can be used directly by state lawmakers, who are
more likely to consider cigarette tax policy in the near future.

Methods

The analysis is performed on Google.com searches for “cheap ciga-
rettes” in 11 states that had major cigarette tax increases (>$1.00 per
pack) and the United States as a whole, which had a $0.62 cigar-
ette tax increase in 2009 (see table 1). The states were selected based
on Google Trends data availability. Certain states that experienced
a major cigarette tax increase (e.g., lowa in 2007, South Dakota in
2007, Utah in 2010) are excluded from the analysis Google Trends
data was not available for these states, presumably due to low search
volumes. For states with more than one major tax increase after 2004,
I analyzed the later tax increase to mitigate the possibility of over-
reliance on certain states. The time period for each analysis is given as
one year before and after each respective cigarette tax increase.

The data used for this study is publicly available on http:/www.
google.com/trends. Google Trends provides weekly data dating back
to January 2004 on Google search volumes by search term, geog-
raphy, and timeframe.

The raw number of searches is not made available by Google.
Instead, the search volume data made available is standardized on
a scale of 0 to 100 such that search volumes are reported weekly as a
percentage of the highest search volume for a given time period in a
given geographic region. For this reason, search volumes should only
be considered on a relative basis by both geographic region and search
term. However, this does not limit the analysis in this study, as the
purpose of the study is to measure relative spikes in search volume.

The Seasonal Hybrid Extreme Studentized Deviate test (SHESD)
with an alpha of 0.05 is used to determine anomalies or spikes in
the dataset. SHESD combines the Student t-distribution with a gen-
eralized form of the Extreme Standardized Deviate test (ESD), along
with an adjustment for seasonality (see'’ for a complete description).

The purpose of the SHESD is to identify anomalies in the data.
Before one can identify a point as an anomaly, however, we must
assume the distribution of the dataset. Because of the relatively weak
assumptions required, the SHESD assumes a Students t-distribution,
a sample of normally distributed data with unknown variance. The
distribution is described mathematically as:

rth S

F)=——2xaalep)

WErerey

End of
Beginning of Observation
State Effective Date Tax Increase Amount Observation Period Period
Texas 1/1/2007 $1.00 12/1/2005 2/1/2008
Maryland 1/1/2008 $1.00 12/1/2006 2/1/2009
Wisconsin 1/1/2008 $1.00 12/1/2006 2/1/2009
Washington DC 10/1/2008 $1.00 9/1/2007 11/1/2009
United States 4/1/2009 $0.62 3/1/2008 5/1/2010
Florida 7/1/2009 $1.00 6/1/2008 8/1/2010
Connecticut 10/1/2009 $1.00 9/1/2008 11/1/2010
Washington 5/1/2010 $1.00 4/1/2009 6/1/2011
New York 7/1/2010 $1.60 6/1/2009 8/1/2011
Tllinois 6/24/2012 $1.00 5/24/2011 7/24/2013
Minnesota 7/1/2013 $1.60 6/1/2012 8/1/2014
Massachusetts 7/31/2013 $1.00 6/30/2012 8/31/2014
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SHESD first applies ESD using the student’s t-distribution to deter-
mine if there is a single outlier in the data. The furthest point from
the mean of the sample is taken and given a value G.

Y, -7

G=

N

The researcher decides on a level of alpha (in this analysis,
alpha = 0.05), which refers to the maximum probability that an
observation would exist in the dataset by chance in order for it to be
considered an anomaly. The given alpha corresponds to a “critical
value”, which is the threshold value above which an observation
would be considered an anomaly. If G is larger than a critical value,
then we describe the point as an outlier (as described mathematic-
ally below):

Note: £, o is the upper critical value with N-2 degrees of freedom.
2N

However, ESD only gives a singular outlier. A generalized ESD
(GESD) runs the ESD as an algorithm to find up to a pre-determined
number of outliers, 7. In GESD, ESD is run on the whole dataset to
determine if the point furthest from the dataset is an outlier. If it is,
then that number is removed from the dataset and a second ESD is
run to determine if the point furthest from the mean of the new data-
set is an outlier. The algorithm continues until the GESD finds the
remaining point furthest from the mean is not an outlier or  outliers
are found. In this way, the GESD is a robust statistical technique
used to determine if several outliers exist in the data.

However, searches can occur with seasonality, and so the GESD
must be adjusted. The SHESD decomposes the data into seasons, a
time trend, and a local regression using the Loess method. The Loess
method (explained in detail by Fox!¥) is a nonparametric form of
regression whereby subsets of data are determined by a “nearest-
neighbor” algorithm and then each subset is smoothed to either a
linear or quadratic function through a weighted least-squares regres-
sion, resulting in a smooth curve mapping the trend of the data
without the potential for model selection bias by the researcher. In
SHESD, the GESD is run within the decomposed data.

All SHESD analyses were run in R using the Open Source pack-
age “AnomalyDetection”. Code is available upon request.

In addition to the SHESD, an E-Divisive with Medians (EDM)
test was conducted to find “breakouts” or mean shifts in the data.
The EDM test evaluates a dataset to distinguish spikes (or anoma-
lies) from mean changes, i.e. a change in the steady state of the time
series, regardless of the noise. This test was performed on the same
dataset using the R package “BreakoutDetection”.

From this study, it becomes clear how future researchers can
leverage the unbiased advantage of SHESD and EDM to improve
time series analysis in several health-related domains. From a more
generalized perspective, researchers can use this technique with time
series data to discover events of consequence without knowing of the
events’ existence before the analysis.

Results

For 10 of the 12 analyses, a positive anomaly or spike was detected
within two weeks of the cigarette tax increase (see Table 2). Spikes

Table 2. Spikes Occurring NearTax Increase Dates

State Spike Date Tax Increase Difference (days)
Florida 7/4/2009 6/30/2009 3
Florida 7/11/2009 6/30/2009 10
Illinois 6/30/2012 6/23/2012 6
Illinois 71712012 6/23/2012 13
Maryland 12/22/2007 12/31/2007 -10
Maryland 12/29/2007 12/31/2007 -3
Maryland 1/5/2008 12/31/2007 4
Maryland 1/12/2008 12/31/2007 11
Massachusetts 8/3/2013 7/30/2013 3
Massachusetts 8/10/2013 7/30/2013 10
Minnesota 6/29/2013 6/30/2013 -2
Minnesota 7/6/2013 6/30/2013 N
New York 713/12010 6/30/2010 2
New York 7/10/2010 6/30/2010 9
Texas 1/6/2007 12/31/2006 N
Texas 1/13/2007 12/31/2006 12
United States 3/21/2009 3/31/2009 -11
United States 3/28/2009 3/31/2009 -4
United States 4/4/2009 3/31/2009 3
United States 4/11/2009 3/31/2009 10
Washington 5/8/2010 4/30/2010 7
Wisconsin 12/29/2007 12/31/2007 -3
Wisconsin 1/5/2008 12/31/2007 4

before the tax increase are also considered in the analysis because
cigarette smokers may not only respond to an actual increase
in prices but also increased risk of a tax increase if it is being
deliberated or increased press of a tax increase that may pre-
cede the enactment date. From visual inspection of the plots (see
Figure 1), we can see that search spikes are typically quite large
at the time of a tobacco tax increase. Spikes were not detected
for Washington D.C. or Connecticut, though this may be due to
occasional gaps (see Figure 1) in the data, likely due to a relatively
small population size.

The robustness of these results is important. Spikes consistently
happen in states where there is a cigarette tax increase and not nearly
as frequently at times when there is no cigarette tax increase. Further,
comparing graphs that overlap in time indicates that spikes occur in
states where there is a cigarette tax increase and not in states where
there is no cigarette tax increase. For example, Massachusetts expe-
rienced a tax increase on July 31, 2013 and Minnesota on July 1,
2013, and we see search volume spikes around each of those dates in
their respective states. We do not, however, see spikes around July 31,
2013 in Minnesota or spikes around July 1, 2013 in Massachusetts.

Given the robust results of the SHESD, it would seem reasonable
that there would be a mean shift in the time series data before and
after the tax increase. If people search for cheaper sources for ciga-
rettes at the time of a cigarette tax increase, it is plausible that those
consumers may continue to purchase cigarettes from the cheaper
online outlet, given that the tax and subsequent price increases are
not temporary. However, no breakouts were detected. Searches for
“cheap cigarettes” spiked at the time of a tax increase, but the mean
level of searches did not shift upwards.

Discussion

The results show clearly that searches for “cheap cigarettes” spiked
at the time of cigarette tax increases. However, the mean level of
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Figure 1. Anomaly plots for search data.

searches for “cheap cigarettes” did not increase meaningfully
between the periods before and after a cigarette tax increase.

As previous studies have noted, search volume data does not pro-
vide information on the motivation for searches. Therefore, there are
several possible interpretations for these results:

The most reasonable conclusion is that cigarette tax increases
incentivize people to search for cheaper options for cigarettes. Tax-
free cigarettes are widely available online, and smokers searching
for “cheap cigarettes” find a way to circumvent the tax increase.
However, for some reason, this alternative marketplace does not
“stick” for most smokers — perhaps because cigarette delivery is
inconvenient or because shipping costs are high for those unwilling
to purchase cigarettes in bulk.

A second explanation is that a cohort of price-sensitive smokers
performs searches for “cheap cigarettes” around the time of a tax
increase. Once they find a suitable marketplace website, however,
they no longer need to search Google. Instead, they can navigate
directly to the marketplace website, i.e. www.cheap-cigarettes.com.

Less likely explanations include: (1) press coverage of the tobacco
tax increase causes people to think about cigarettes and to consider
using them and (2) smokers search for “cheap cigarettes” to learn
more about the tax increase. Search volume data does not provide
information on the searcher’s intentions, so we cannot rule out these
explanations, however unlikely they seem.

With the results of this study in mind, tobacco control advocates
should consider that many smokers may be inclined to circumvent
tobacco tax increases using the Internet. Tobacco control advocates
and agencies can ameliorate this situation by increasing online mes-
sages regarding both smoking cessation and cigarette health risks
at the time of tobacco increases. Indeed, tobacco control agencies
can prioritize resources to fund anti-smoking advertisements target-
ing those searching Google for “cheap cigarettes” and similar terms
within the weeks before and after a tobacco tax increase.

This study contributes to the literature by introducing a new,
powerful test for time series analysis that reduces bias in that
researchers do not have to identify a date to study. This technique
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can be applied to time series analysis in several health domains
to improve our understanding of what events and interventions
change people’s behavior. Researchers can use this technique to dis-
cover consequential events or dates that they may never had con-
sidered before. Researchers are likely removed from many of the
causes that would inspire people to engage in observable behav-
iors—whether that is searching for cheaper cigarettes on Google,
asking for cessation advice on Twitter, or calling into government
help lines—and researchers can use the SHESD and EDM tech-
niques to help discern what those events may be from the observ-
able time series data alone.
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