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Abstract

Background: The increasing use, and negative health effects, of e-cigarettes across Europe warrants continuous surveillance.
Google Trends (GT) is a promising surveillance tool, providing rea-time data that contrasts positively with cross-sectional
surveys. However, its applicability to monitor e-cigarette use across Europe is unknown.

Objective: To monitor changes in online interest in e-cigarettes from 2012 to 2020, to investigate the relationship between GT
searches on e-cigarettes and prevalence data and to assess the predictive capabilities of GT in Europe.

Methods: GT data for "electronic cigarette” and "vaporizer" were extracted for 27 European countries, whilst e-cigarette
prevalence data were sourced from Eurobarometer. Regression and change-point analysis identified temporal changes in online
interest and cross-correlation investigated the relationship between the two datasets. Countries displaying the strongest
correlation underwent time series forecasting analysis using simple exponential smoothing (SES), and autoregressive integrated
moving average (ARIMA) models.

Results: Significant correlations between GT and e-cigarette prevalence emerged for ten and seven countries for the "electronic
cigarette" and "vaporizer" topics, respectively, while ARIMA outperformed SES in all but one country. Boosted ARIMA
improved forecasts further in the evaluated countries.

Conclusions: This study affirms GT’s potential to supplant cross-sectional e-cigarette data in certain European countries and
highlights its predictive ability. However, future research should determine factors driving forecasting performance differences
between countries and models. This work has potential to inform preventative policies using a flexible and continuous
monitoring tool.
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Google Trends Data to Determine Vaping
Prevalence and Predictability in Europe:
Usability Study

ABSTRACT
Background: The increasing use, and negative health effects, of e-cigarettes across Europe

warrants continuous surveillance. Google Trends (GT) is a promising surveillance tool,
providing real-time data that contrasts positively with cross-sectional surveys. However, its
applicability to monitor e-cigarette use across Europe is unknown.

Objectives: To monitor changes in online interest in e-cigarettes from 2012 to 2020, to
investigate the relationship between GT searches on e-cigarettes and prevalence data and to
assess the predictive capabilities of GT in Europe.

Methods: GT data for "electronic cigarette” and "vaporizer" were extracted for 27 European
countries, whilst e-cigarette prevalence data were sourced from Eurobarometer. Regression
and change-point analysis identified temporal changes in online interest and cross-correlation
investigated the relationship between the two datasets. Countries displaying the strongest
correlation underwent time series forecasting analysis using simple exponential smoothing
(SES), and autoregressive integrated moving average (ARIMA) models.

Results: Significant correlations between GT and e-cigarette prevalence emerged for ten and
seven countries for the "electronic cigarette” and "vaporizer" topics, respectively, while ARIMA
outperformed SES in all but one country. Boosted ARIMA improved forecasts further in the
evaluated countries.

Conclusions: This study affirms GT’s potential to supplant cross-sectional e-cigarette data in
certain European countries and highlights its predictive ability. However, future research should
determine factors driving forecasting performance differences between countries and models.
This work has potential to inform preventative policies using a flexible and continuous monitoring
tool.

Key words: Google Trends; Vaping; Electronic cigarette; Prevalence; Forecasting

Introduction

Tobacco smoking is a critical global public health challenge, constituting a leading cause of
preventable disease and mortality worldwide, particularly in non-communicable and preventable
diseases (e.g., cardiovascular ailments, respiratory conditions, stroke, and lung cancer).*? Over
the past two decades, studies from England and Wales have shown a rising respiratory disease
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burden, with overall hospitalisations nearly doubling,® marked increases in acute upper
respiratory infections,* and steady growth in asthma and chronic obstructive pulmonary disease
admissions and prescribing.” Smoking is a well-established risk factor for these conditions,
contributing substantially to their incidence and progression.®® In Europe, smoking trends vary
significantly by region and country, with the highest rates in Eastern and South-eastern Europe
(e.g., Bulgaria, Turkey), and the lowest rates in Northern and Western Europe (e.g., Sweden,
Netherlands).®

Evidence suggests battery-operated electronic cigarettes (e-cigarettes)—also known as vapes or
vaping devices that enable vapour inhalation via the heating of an electronic liquid (e-liquid)**°—
reduces entailed harm and can potentially aid smoking cessation.'**? E-cigarette use is
increasingly prevalent among young people.*** There is, however, an ongoing debate regarding

the relative benefits versus problems associated with e-cigarette use. **'" E-cigarettes result in
less deleterious health effects compared to traditional tobacco cigarettes given they do not

combust tobacco or tar, which produce carcinogens and other toxins.*"*®

However, e-cigarettes are not harm-free; they can produce aerosols containing nicotine,
carbonyl compounds and heavy metal compounds.’**® Indeed, although research on the long-
term health effects of e-cigarettes is limited given the relatively short time the products have been
available on the market, nicotine is a key component of the e-liquid they use, for which evidence
exists of its adverse health effects.'*?* Moreover, e-cigarettes are associated with an increased
intention to smoke tobacco cigarettes among adolescents,?***—although the hypothesis of e-
cigarettes being a gateway to tobacco smoking is yet to be definitively proven®?—and evidence
indicates that, for established tobacco smokers, nicotine e-cigarettes produce higher cessation
rates than nicotine replacement therapy and non-nicotine e-cigarettes for at least 6 months.?#’

Within the European Union (EU), the Tobacco Products Directive (TPD) regulations impose minimum
restrictions on all EU countries, which have also been adopted by the United Kingdom.?® These include a
maximum nicotine strength of 20 mg/mL, a refill bottle size of 10 mL, and mandatory warning
labels.”® Within the TPD regulations, individual states are permitted to impose additional
restrictions, with many officially recommending e-cigarettes as a tobacco smoking cessation
strategy.”® Against this legislative backdrop, it is imperative to monitor the prevalence and
associated trends of e-cigarette use both at the EU and country levels accurately to inform
policies on the optimal balance of e-cigarettes’ benefits and drawbacks.

Cross-sectional surveys are the primary methodology for measuring e-cigarette prevalence. The
approach provides the most cost-effective method for large populations when conducting follow-
up research is challenging. However, the precise measurement of e-cigarette prevalence can be
problematic methodologically, with challenges including self-report bias and non-disclosure.®%
Moreover, cross-sectional surveys only capture one time point and can take a long time to
collect data, especially at the national level, providing policy makers with historical information.*?

Google Trends (GT) is an established tool for monitoring interests and potential behaviour in
healthcare research.®*?* GT is a publicly accessible website displaying data on the popularity of
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Google search terms over time. This enables researchers to analyse online interest in multiple
topics.**** It is updated in near real-time, with each query filterable by location, language, time
(from 2004 onwards), category and/or platform (i.e., web. Images, news, YouTube or shopping),
providing a flexible and accessible tool capable of capturing public interest in a subject.®

Given the ubiquity of the internet in Europe—an estimated 94% of EU households had access in
2024*—and Google being the dominant internet search engine, GT data can complement
traditional data sources.?® Additionally, the majority of European internet users are younger
populations,*” the same demographic group among whom vaping is highly prevalent.? Examples
of healthcare research using GT include tracking public perceptions on COVID-19 prevention
measures, abortions, infectious diseases, and surgeries.®*?#* Research on smoking has also
been explored using GT, especially on how search volumes are affected by regulatory changes. For
example, one European study reported increased smoking cessation searches following the
reintroduction of the smoking cessation support reimbursement by health insurance,* whilst
another observed significant search increases following the ‘Stoptober’ programme, an
intervention encouraging temporary smoking abstinence.** Consequently, some evidence exists
that GT data on smoking reflects real-world public health initiatives, and is also a reliable
alternative tool to assess e-cigarette prevalence.***

GT has become an important tool within infodemiology, the science of analysing information in
electronic media to improve public health.** Within this field, the main advantages of GT concern
its use as a monitoring and forecasting tool, and as a proxy for true prevalence data to better
inform policy makers of measures to mitigate public health concerns, including the rising
prevalence of e-cigarettes. Indeed, the anonymised nature of GT may reflect the actual
behaviour of young, potentially underage, populations better than formal surveys,* which can be
prone to social desirability bias.**

From a public health perspective, future forecasting is critical to implementing pro-active,
preventative policies. One of the first applications of GT forecasting was predicting influenza
cases 1-2 weeks ahead of official Centers for Disease Control and Prevention data.*® Subsequent
studies have successfully harnessed GT's disease forecasting potential for Zika virus, HIV, acute
febrile illnesses and, more recently, COVID-19.°2 GT has also been used to predict potential
behaviours; for example, a 2017 study of suicide rates based on GT search terms,> and a 2019
study, successfully forecast suicide occurrences in Ireland using autoregression and neural
network approaches.® These findings highlight GT's value in anticipating future events and
providing more granular insights compared to cross-sectional data.

Consequently, this study aimed to explore GT’'s applicability in investigating e-cigarette use in
Europe. Specifically, it aimed to monitor changes in online interest in e-cigarettes from 2012 to
2020; investigate the relationship between GT searches on e-cigarettes and prevalence data;
and assess the predictive capabilities of GT in Europe.

Methods
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Eurobarometer data extraction

E-cigarette prevalence data were obtained for 27 European countries from four cross-sectional
Eurobarometer surveys of people aged 15 and over: wave 77.1 (2012), wave 82.4 (2014), wave
87.1 (2017) and wave 93.2 (2020).>>°® The Eurobarometer is a series of public opinion
surveys, conducted on behalf of the European Commission since 1974, that address a
range of topical issues related to the EU via its member states.*® All Eurobarometer surveys
employ a multi-stage sampling procedure in each country, where the number of sampling points
is proportional to population size and density. A total of 26,751, 27,801, 26,853 and 28,300
individuals were interviewed for 2012, 2014, 2017 and 2020, respectively. Data were downloaded
as Excel files as both point estimates and percentages.

GT data extraction

GT monthly time series data were downloaded from the GT website
(https://trends.google.com/trends/) as .csv files.** GT data were extracted as relative search term
(RSV), a normalised measure from O to 100, where 100 represents the month with the most
searches in a specified time period and location, and all other search volumes are relative to this
peak search date. GT provides the option to query ‘topics’ or ‘search terms’, where search terms
represent exact, literal words or phrases typed in by a user, and topics represent a group of
search terms that share the same concept in any language. For this reason, topics were chosen
to compare adequately searches between the languages spoken across the 27 European
countries. The two most relevant topics were determined to be "electronic cigarette” and
"vaporizer". Overall, separate datasets were downloaded for all 27 countries for each search
topic specifying only web searches spanning January 2012 to December 2020, to align with the
range of the Eurobarometer survey years. GT data were extracted from the website on the same
day.

Data analysis
All analyses were performed in RStudo™ version 2023.06.01, an open-source language for

statistical computing and graphics.®°

To investigate online interest in e-cigarettes across Europe, GT data were firstly smoothed using
locally weighted scatterplot smoothing (LOWESS) for visual inspection.®* It was further chosen for
its ability to give less weight to data points with large errors, producing a robust curve with limited
outlier influence. A smoothing parameter of 0.25 was used for both search terms based on visual
inspection, meaning that 25% of the nearest data points are used in the local regression for each point. To
assess trends across all countries, median RSV was calculated and chosen for its reduced
susceptibility to extreme outliers. LOWESS utilises a locally weighted regression of y (RSV) on x
(time), making it adept for smoothing noisy and sparse data without assuming any particular data
distribution (non-parametric).®?

Change point analysis (CPA) was used to detect statistically significant changes in online interest
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over time. The Pruned Exact Linear Time (PELT) algorithm was chosen to identify change
points, selecting the segments with the smallest penalised cost.®** To determine the optimal
number of change points in each time series, the change points for a Range of Penalties
(CROPS) algorithm was implemented to search over a range of penalty values and the final
penalty was chosen via diagnostic elbow plots.®* Time series cross correlation was applied to
investigate the relationship between GT and Eurobarometer data and to check whether GT was a
robust proxy for cross-sectional prevalence data.

We identified countries with statistically significant correlations at negative or zero lags. Since GT
data were monthly and Eurobarometer data provided only one estimate per survey year, GT data
were aggregated to be yearly median RSV per country. To provide a Europe estimate, data were
aggregated as the median across all 27 countries annually. Years with GT data but not
Eurobarometer data (i.e. 2013, 2015, 2016, 2018 and 2019) were imputed to provide sufficient
data points for correlation.®® Cross-correlation was chosen to account for time dependency
between two time series, xwn (GT) and y: (Eurobarometer), where h is the time lag (in years)
between the two series. A negative h value indicates a correlation when y (Eurobarometer) is at
time t and x (GT) is at time t — h, and a positive h places x at time t + h. To illustrate, a correlation
with lag —1 implies Eurobarometer data lags behind GT by 1 year, a lag of +1 implies GT lags
behind Eurobarometer data by 1 year, and a lag of O implies the two series are
contemporaneous. For the purposes of GT forecasting, the most relevant correlations would be
at negative lags, implying online searches influenced later e-cigarette use, or potentially at a lag
of 0. Cross-correlation analysis was performed for each country individually and for Europe as a
whole for each search topic with a significance threshold of 0.95.

For each topic, countries that displayed significant correlations between GT and Eurobarometer
data were taken forward for GT time series forecasting to determine whether GT data on e-
cigarettes prevalence showed robust predictive ability. Three forecasting models were used for
each series in each country in increasing order of complexity: simple exponential smoothing
(SES),*® autoregressive integrated moving average (ARIMA)®" and boosted ARIMA, subject to
comprehensive evaluation with residual diagnostics, and subsequently compared using the Mean
Absolute Percentage Error (MAPE) forecasting metric. For all models, the training set consisted
of all data points except the most recent 6 months of data (July to December 2020), which was
reserved as the test set on which forecasts were made. Finally, all forecast models were
evaluated with mean absolute percentage error (MAPE), a popular metric for time series
modelling.®*®® To assess the predictive ability of GT searches, time series forecasting was
performed on the three countries with the highest correlation coefficient at any lag for each
search topic: Malta, the Netherlands and Spain for “electronic cigarette” and Czechia, Spain and
Greece for “vaporizer”.

Results
The LOWESS regression was used to visualize the temporal changes in online e-cigarette interest
(Figure 1). The median RSV for both topics (i.e., “electronic cigarette” and “vaporizer”) followed
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similar trends over time (2012—-2020), and showed a general increase, despite minor fluctuations
in online popularity at certain times. Notably, search interest in both topics dropped considerably
from mid-2019 to mid-2020 and the “vaporizer” topic also displayed a slight drop in early 2014.
The median RSV of both topics was similar, alternating in popularity, until roughly early 2014;
from there on, “vaporizer” had a greater consistent popularity than “electronic cigarette”,
indicating that in Europe this terminology became considerably more searched online after this
point.
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Figure 1LOWESS-smoothed curves showing the monthly median RSV across 27 European countries from January 2012 to December 2020 for the GT search topics “Electronic cigarette” (red)
and “vaporizer” (blue)
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The CPA diagnostic plot for “electronic cigarette” determined three significant change
points in median RSV across Europe in December 2012, August 2016 and September
2019 (Figure 2). From visual inspection, only the latter date represented a considerable
drop in median RSV. For “vaporizer”, the diagnostic plot determined that the optimal
number of change points across Europe was four: October 2013, September 2016,
January 2020 and May 2020 (Figure 2). Visually, all except January 2020 represented a
surge in median RSV. Therefore, across all 27 countries, both search topics experienced
a significant increase in median search volume around mid-to-late 2016.

8
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Figure 2: Time series plots indicating significant change points in median RSV across Europe for the GT search topics “electronic cigarette” and “vaporizer”.
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Temporal relationship between prevalence and GT searches

Cross-correlation analysis was performed to ascertain the temporal relationship between
yearly e-cigarette prevalence and median yearly GT searches for each of the 27 EU
countries, as well as the EU as a whole. Eleven countries showed a significant positive
correlation for the search topic “electronic cigarette” at lags of -2 to 0 years, where
negative lags indicated that GT searches correlated with the e-cigarette prevalence data
of the previous years, and lag O indicated GT searches correlated with the e-cigarette
prevalence data of the same year. A positive correlation meant the e-cigarette prevalence
data correlated with the GT searches of the previous years. Spain had the highest
correlation coefficient of 0.82 at lag -1 (P =.014), where the -1 lag implies that GT
preceded e-cigarette prevalence by 1 year. For the “vaporizer” topic, seven countries
displayed significant positive correlations at lags of -2 to 0 years, with Czechia (i.e., the
Czech Republic) producing the highest correlation coefficient of 0.86 at lag -1 (P <.01).
For both topics, no significant correlations were detected for Europe as a whole, and no
countries displayed significant negative correlations or positive lags. All countries with
significant correlations are detailed in Appendix 1.

Predictive ability of GT searches

For the “electronic cigarette” search topic, the ARIMA models yielded better forecasting
performances (as indicated by MAPE) than SES models for Malta and the Netherlands.
Compared with SES, the ARIMA model reduced the MAPE by 2.14% and 0.05% for Malta
and the Netherlands, respectively. Importantly, the residual diagnostic plots affirmed that
no model assumptions were violated. The Ljung-Box test®® further confirmed the absence
of autocorrelated residuals (P=.87 for Malta and P =.92 for the Netherlands).

However, for Spain, the ARIMA (0,1,0) instead increased the forecasting error by 3.14%.
The SES model produced significant residual autocorrelation (Ljung-box test P <.001) at
lags of 1, 7, 8 and 9 months. Conversely, the ARIMA model showed a statistically non-
significant Ljung-box test (P =.48)—indicating no autocorrelation of the residuals—and
diagnostic plots confirmed no violated assumptions and a robust model fit. The ARIMA
model’s forecast for Spain was not as robust as the SES model.

Both the ARIMA and SES models produced the highest MAPE for Malta, indicating less
accurate RSV forecasting compared with the other two countries. Therefore, a boosted
ARIMA model was applied to enhance modelling accuracy through gradient boosting.
The ARIMA part of the model was specified with the ARIMA (1, 1, 1) parameters
automatically selected by the previous ARIMA model, whilst the XGBoost " part of the
model was tuned with time series cross validation that improved the forecasting accuracy.
Forecasting plots for all "electronic cigarette” models are visualised in Figure 3. Only the
most recent six months (test set) are shown.

10
https://preprints.jmir.org/preprint/85355 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Armani et a

# e -
i 5 et \.
A e — K T 8
P f 5 e T
; # =y &
i # ’ —— ] 45
P # —-— e
. J : =
—————— = i *
-..‘Afl_: i
/
[a]) Mala (] Metherlands
R S
& e )
i S
h = T s = =
= R —
b
(t] Spain

Figure 3Time-series forecasting models for the GT search topic "electronic cigarette" in a) Malta, b) the Netherlands and c) Spain
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For the “vaporizer” topic, the automated algorithm to find the optimal ARIMA models
selected a seasonal ARIMA (SARIMA) for all three countries, therefore capturing the
intricate yearly seasonal dynamics in the RSV time series data. SARIMA models
outperformed SES models (assessed by MAPE) for Greece and Czechia, suggesting that
a seasonal component of the time series was better captured by SARIMA. However, for
Spain the SES outperformed SARIMA, highlighting the importance of testing multiple
forecasting models to obtain an optimal fit based on inherent data characteristics.
Diagnostic plots confirmed model robustness, except for the Czechia SES model, where
a significant Ljung-box test (P <.001) affirmed the significant lack of model fit.

For both SARIMA and SES models, the highest MAPE came from Greece, meaning that
the models were unable to forecast RSV values as accurately as they did for Czechia and
Spain. Boosted ARIMA was applied to improve modelling. The forecasted values for the
SES, ARIMA and boosted ARIMA models of Czechia, Spain and Greece are visualised in
Figure 4. Only the most recent six months (test set) are shown for visual purposes.

12
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Figure 4Time-series forecasting models for the GT search topic "vaporizer" in a) Czechia, b) Greece and c) Spain
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Discussion

The two GT search topics (i.e., “electronic cigarette” and “vaporizer”) showed positive
correlation between GT and real prevalence data in some, European countries at lags
between -2 and 0 years and, therefore, online interest appears to precede, or at least
coincide with, e-cigarette use. In countries with the strongest correlation, GT displays
substantial forecasting ability, although error metrics vary depending on the country and
specific model used.

The search topic “vaporizer” became more popular than “electronic cigarette” after 2014,
likely reflecting colloquial changes in speech when the word ‘vape’ more than doubled in
usage.” Such changes in popularity were captured with CPA, where seven different
months were identified with a significant change in online interest across both topics, all of
which displayed a surge in searches except for January 2020. This was similar to a
separate study that observed significant change points in 2012 and 2013 for the
“electronic cigarette” search term in the USA.”? The identified change points could be
attributable to real-life policies and/or events; for example, the spike in December 2012
for “electronic cigarette” may correspond to the circulation of the draft EU TPD policy
proposing e-cigarette restrictions across the EU for the first time.” The World Health
Organization released a report in 2016 outlining the role of e-cigarettes in smoking
cessation,” which may have contributed to the significant spike in online interest in
August and September 2016. Furthermore, cases of e-cigarette or vaping use-associated
lung injury EVALI could have exacerbated concerns and curiosity about the health effects
of e-cigarettes; cases were first reported in April 2019 and peaked in September 2019,
which was a significant change point in this analysis. Notably, it was at this time that the
first case of EVALI was officially documented in Spain.”” The rising popularity of social
media platforms is reportedly associated with e-cigarette use in adolescents,’”® which may
have further perpetuated spikes in search interest in recent years. Cross-correlation
analyses suggest that GT can be used as a proxy for Eurobarometer data in over half of
the countries investigated, similar to studies in the USA.™>"°

Only some countries showed a significant correlation. It is possible that countries lacking
significant correlations had low internet penetration and therefore GT was unable to
capture e-cigarette users’ online behaviour accurately. Internet penetration might have
played a role in explaining why 11 of the 15 countries with significant correlation had an
internet penetration over 90%, and Europe as a whole has a high internet penetration of
93%.3%%% Yet four countries had rates below 90%. Particularly, Bulgaria has the lowest
internet penetration in the EU at 70%,% but still showed a significant correlation for the
“electronic cigarette” search topic; therefore, perhaps it is not about how many people in a
country have access to the internet, but rather the people who do also happen to be e-
cigarette users. Age could be another factor as young people are the predominant
group using both the internet and e-cigarettes.® % Data suggest that internet users are
typically of higher socioeconomic classes, which has also been associated with higher

14
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odds of e-cigarette use in current and ex-smokers.®*# Therefore, it could be speculated
that countries whose populations are of an older age and/or lower socioeconomic class
may have lower e-cigarette prevalence and difficulty detecting a relationship between GT
and prevalence data. The varying e-cigarette policies between European countries may
help to explain the discrepancies in correlation. For example, lenient policies in countries
such as Czechia and Bulgaria may reduce any hesitation to search online and also
facilitate easier access to e-cigarettes.®® The UK, which displayed a significant correlation
in this analysis, actually encourages e-cigarette use for smoking cessation and provides
them to tobacco smokers in hospitals.®® On the other hand, strict restrictions could
instead steer e-cigarette users towards online searches; for example, in Greece the
internet and specialised vape shops are the two primary sources of e-cigarettes due to
restrictions in shops and markets.?” Other countries with heavy restrictions found to have
a significant correlation in this analysis include Estonia and the Netherlands.?**° However,
strict restrictions do not necessarily preclude illicit, especially underage, e-cigarette use,
and in stricter countries illegal use may be better reflected in anonymised GT data than
formal cross-sectional surveys.’** Therefore, it is evident that the effects of country-
specific policies are unclear.

In countries with highly correlated GT and Eurobarometer datasets, forecasting analysis
revealed that GT is potentially a valuable tool for predicting future online interest in e-
cigarettes, although model performance differed between countries. Nonetheless, more
complex ARIMA models outperformed simpler SES models for all countries except Spain,
possibly because SES does not detrend the data or capture more complex relationships,
unlike the automated ARIMA procedure. These findings highlight the necessity of testing
multiple models to find an optimal fit for each data structure.®®* Additionally, ARIMA boost
—a relatively new method in time series forecasting—further improved forecasting
performance. For example, one study applied long short-term memory networks (a
machine learning method) to univariate GT data to predict COVID-19 cases and found the
model outperformed ARIMA in terms of forecast metrics.** Additionally, using grey-wolf
optimisation further improved forecast errors. Since this study is among the first to
forecast GT e-cigarette data across Europe, it is challenging to determine if the forecast
metrics in this analysis surpass or fall below other benchmarks; although one study
created a predictive model of online e-cigarette interest in the UK,*® this work did not
reserve test set data to make forecasts on and in general the methodology is not
comparable to the present study. Furthermore, there are papers forecasting other health
topics, such as Dengue virus, COVID-19 vaccinations and pertussis, with forecast metrics
either similar or worse than this analysis; but these comparisons only serve to confirm the
forecasting ability of GT within healthcare, since the models were applied to entirely
different datasets, topics, locations and/or forecast periods.®>*® It should also be
emphasised that this research did not seek to create models with the highest forecasting
accuracy, but rather to assess the general forecasting potential of GT for e-cigarettes.
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Methodological considerations

From a methodological point of view, CPA provides a more robust method of detecting
significant surges or collapses in online interest compared with visual inspection.%®%
Change points do not require knowledge of the underlying reason for the change, and the
chosen PELT algorithm has been shown to be more accurate and faster than other
change point algorithms.***'? However, determining the number of change points with
diagnostic plots is subjective, therefore the optimal number of change points could be
inconsistent if the study was repeated. Furthermore, cross-correlation was harnessed for
its ability to identify correlations at different lags between two time series, providing
temporal insight into how one dataset later influences the other. A problem that was
encountered during the analysis was that the Eurobarometer data was only available for
four years, offering few datapoints to investigate. One explored solution was to use the
Dirichlet distribution to obtain monthly estimates.’® However, the substantial number of
months requiring estimation posed a challenge and introduced considerable uncertainty
into the analysis. For this reason, the problem was addressed by imputing the missing
Eurobarometer years, in line with other reports, which compromised the granularity of
correlation but reduced the number of estimated data points required.**

The methodology of implementing forecasting models of varying complexity proved to be
advantageous as not all time series were best captured by more complex models. Of
these models, SES was chosen for its simplicity and ability to give more weight to recent
observations. However, disadvantages of this method include the inability to detect
seasonality and trends and the assumption that the future is a linear function of past
observations.®*'® Furthermore, exponential smoothing forecasts can lag behind the
actual trend, as seen in the present analysis, underestimating increasing trends and
overestimating decreasing trends.'® For these reasons, ARIMA models were chosen to
capture more complex patterns in time series, including seasonality, as detected for the
“vaporizer” ARIMA models.®” Boosted ARIMA was used for its potential to improve
modelling errors with gradient boosting and add further complexity to the fitting procedure.
However, the disadvantages of this technique include increased computation expense
and limited interpretability. As residuals are calculated on the training set and forecasts
are calculated on the test set, it is likely that the ARIMA model captured temporal patterns
in the training data well, but this did not guarantee accurate forecasts on new test data.
This highlights the importance of considering inherent data characteristics and
implementing multiple forecasting models to make optimal forecast.

General limitations

The Eurobarometer survey years are limited in comparability because the 2012 edition
did not distinguish between current and former e-cigarette users and as detailed
previously, cross-sectional data suffers from drawbacks such as self-report bias and only
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capturing one snapshot in time. GT data are sourced from a random sample which can
produce slightly different results for the same search on different days or devices. GT
data only represents people with internet access, which may potentially exclude certain
subpopulations and limit its applicability as a predictive method for countries with very
limited internet coverage. Accordingly, it is possible that prevalence and/or GT search
volume varies within each country, but only country-level information was available for
both datasets. It is also not possible to extract RSV data representing 27 countries
together from GT; therefore, median RSV was calculated to assess Europe as a whole.
However, RSV represents search term popularity relative to other time points for a
specified period and location; for example, an RSV of 50 only represents 50% of the peak
search volume (denoted as RSV 100) for that specific country and period, and not the
peak of any other country and period.

Moreover, the cross-correlation analysis is not causal, and there is no indication that
searches for e-cigarettes cause a change in e-cigarette use. As discussed, granularity
was lost when performing cross-correlation on imputed yearly data, and in the future, it
would be ideal to obtain more frequent (e.g., every six months, quarter or monthly) e-
cigarette prevalence estimates to investigate the relationship between GT and
Eurobarometer data.

Conclusions

This study highlights the value of GT as a potential proxy for real e-cigarette prevalence
data in select European countries and further demonstrates its utility as a forecasting tool
for future e-cigarette use based on its correlative relationship with prevalence data.
Furthermore, GT may provide a valuable tool that outputs near real-time, inexpensive and
publicly available data, which could be particularly important in countries without the
means to collect frequent cross-sectional data. However, additional work is required to
delineate the reasons why GT did not demonstrate significant correlation in some
European countries, and to validate the forecasting results. Should this be done, this
could inform the extent to which GT can be co-opted as a public health tool, informing
policy makers of appropriate, preventative policies that balance the benefits and
drawbacks of e-cigarettes to, ultimately, navigate the rising prevalence of e-cigarettes
across Europe.

The public health implications of forecasting e-cigarette trends are important. GT's
correlative relationship with cross-sectional data and predictive ability for e-cigarette
interest underscores its potential for public health policies regarding e-cigarette use in
Europe, although some countries may benefit more from such models depending on the
resulting forecast metrics. Particularly, forecasting future behaviours allows for
preventative policies, precluding the need to act after the health effects of e-cigarettes
have already affected the population.
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