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ABSTRACT
Background: Google Trends provides an easily accessible and cost-effective method of providing 
real-time insight into user interest. Objective: to address the gap in UK prevalence data for 
e-cigarettes by analyzing Google Trends to identify correlations with official data from Action on 
Smoking and Health. The study further evaluates Google Trend’s sensitivity to real-time events and 
the ability for predictive models to forecast future data based on Google Trends. Methods: UK 
Google Trends data from 2012 to 2021 was analyzed to assess (a) the most popular electronic 
nicotine device terminology; (b) statistically significant points in time; (c) correlations between 
Relative Search Volumes and official reports on electronic cigarette use and (d) whether Google 
Trends could predict future patterns in data. These were achieved using Locally Weighted Scatterplot 
Smoothing regression, Pruned Exact Linear Time Method, cross correlation, and Autoregressive 
Integrated Moving Average algorithms respectively. Results: “Vape” was revealed to be the most 
popular electronic nicotine device terminology with a correlation coefficient greater than +0.9 when 
compared to official electronic cigarette consumption data within a one-year timescale (lag 0). 
Results from ARIMA modeling were varied with the algorithms forecasted trends line occasionally 
lying outside of a 95% prediction interval. Conclusion: Google Trends may correspond to 
population-based prevalence of electronic cigarette use. The changing trends coincide with changing 
policy decisions. Google Trends based prediction for online interest in electronic cigarettes requires 
further validation so should currently be used in conjunction with other traditional methods of data 
collections.

Introduction

The opinions of healthcare bodies across the globe sur-
rounding the use of electronic cigarettes (e-cigarettes) have 
remained controversial. Whilst the Centers for Disease 
Control and Prevention in the US states that there is “no 
conclusive scientific evidence that e-cigarettes are effective 
for long-term cessation of cigarette smoking” (Wiltz et  al., 
2017), the UK Health Security Agency instead claims that 
“vaping products could play a crucial role in reducing the 
enormous health burden caused by cigarette smoking” 
(McNeill et  al., 2021). With such differences in opinion, 
there is an urgent need for research to address the long-term 
implications of e-cigarette use with a focus on the preva-
lence of vaping. The World Health Organization (WHO) 
and the Institute for Health Metrics and Evaluation (IHME), 
an independent global health research center at the University 

of Washington that uses evidence to generate global burden 
of disease, estimates to improve health policy and practice, 
require data regarding e-cigarette prevalence (World Health 
Organisation, 2019) (Personal communications). Unlike tra-
ditional methods of data capture that require greater ethical 
considerations, data protection and resources, by being in 
the public domain, Google Trends makes data collection 
accessible and time efficient at low costs.

Google Trends illustrates interest in a particular topic 
from around the globe to provide a perspective on what 
people are currently interested in, which can help users to 
discover patterns in search behavior (Rogers, 2016). One 
study assessed whether online interest in electronic nicotine 
delivery systems (ENDS) correlated with published reports 
of actual consumption (Ghosh et  al., 2021). It “indicated 
preliminary evidence of validity of the Google Trends-based 
analysis for assessing population behaviour and interest of 
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ENDS”, however, stated that its validity can only be deter-
mined when results are replicated from other countries. Our 
study aimed to examine the correlation between Google 
Trends data and e-cigarette prevalence captured by routine 
population-based surveillance and to test the predictability 
of Google Trends data for online interest of ENDS.

The first objective was to address the gap in UK prevalence 
data by analyzing Google Trends data from 2012 to 2021 to 
coincide with the data of official e-cigarette users from the 
Action on Smoking and Health (ASH), a UK-based charity 
founded by the Royal College of Physicians, that facilitate 
research in tobacco usage and public health policy (Action on 
Smoking & Health, 2023). This helped us identify the main 
ENDS terminology used by internet searchers, so that direct 
comparisons could be made between Google Trends and ASH 
to identify any correlations between the two data sets. The 
next objective was to determine how sensitive Google Trends 
was at responding to real-time events surrounding the topic of 
e-cigarettes. For example, new discoveries, endorsements, or 
studies. This was achieved by monitoring for any sudden 
changes in relative search volume for the chosen search term 
via statistical analysis. The final objective was to evaluate the 
accuracy of applying a predictive model (ARIMA) to the 
Google Trends data (2012 to 2021) to predict future e-cigarette 
prevalence in the next 12 months. This objective was import-
ant in investigating whether past Google Trends ENDS data 
could accurately predict future online interest. Prior studies 
have shown that Google Trends can help predict future out-
comes such as disease outbreaks. One study looking at sur-
veillance data for influenza outbreaks found that Google 
Trends had “estimated influenza levels 1–2 wk earlier than 
published CDC reports” (Carneiro & Mylonakis, 2009). This 
unique real-time data shows a potential future application for 
decision making on the basis that Google Trends can provide 
data faster than conventional methods.

Methods

Search procedure

An “all category” search approach was used so data was col-
lected from all Google platforms: Google Search, News, 
Images, Shopping and YouTube. This method was chosen 
based on two reasons; (a) an assumption that those that 
were interested in e-cigarettes may not exclusively use 
Google search to enquire about the product and (b) meth-
odology from other Google Trends studies such as a US 
study investigating opioid overdose (Ghosh et  al., 2022) and 
another study on alcohol policy (Ghosh et  al., 2021) both 
used an all-category response. The search terms were “elec-
tronic cigarette”, “e-cigarette”, “vape” and “vaping”. These 
terms were chosen to maintain a focus on common yet 
generic terminology that may be used regardless of one’s 
familiarity with specific products in the vaping industry. As 
a result, references to specific products or companies were 
excluded as they could indicate prior familiarity and would 
have not been representative search terms of all users. The 
other reason was an indication from Google Trends that a 
user who searches for one term is likely to search for the 

other term under the “related topics and queries”. Moreover, 
our chosen search terms were also inspired by those reported 
in other relevant studies e.g. a Turkish study used the term 
“electronic cigarette” (Uysal et  al., 2018) whilst another went 
with “Electronic cigarette”, “Cigarette”, “vaping” and “Juul 
Pods” (Ghosh et  al., 2021) for the US. As search inputs in 
Google Trends can be specified as either topic or a search 
term, the latter was chosen. The reason for this was that 
topics include all search terms related to the word, so it is 
instead chosen when there is trouble identifying search 
terms (Leung, 2015).

The dates observed for data collection were between 1st 
January 2012 to 1st April 2021 to align with the official 
e-cigarette usage data provided by ASH. An explanation of 
the methodology used to gain this data is outlined in their 
report (Action on Smoking & Health, 2021). There were two 
sources of official data that Google Trends could have been 
compared to: ASH or the ONS (Office for National Statistics). 
Both sources targeted their survey to adults aged 18 and 
older living in Great Britain however sample sizes varied 
from 12,809 respondents from ASH (Action on Smoking & 
Health, 2021) and 320,000 respondents from ONS (Office for 
National Statistics, 2019). Ultimately, ASH was chosen because 
(1) it provided data over a longer period from 2012 to 2021 
whereas ONS was from 2014 to 2019 and (2) validating the 
quality of the data- there were discrepancies in the data pro-
vided by ONS. Previously established results were not consis-
tent across publications with no apparent cause given for 
such inconsistencies. We communicated our queries about 
the inconsistencies to the relevant authorities however they 
were unable to provide definitive answers. Therefore any 
results that we would obtain using this data would be ulti-
mately unreliable. The country of search was selected as the 
United Kingdom because the official data that Google Trends 
was being compared to was data originating from the UK. 
Online interest in ENDS was measured by the RSV; the 
default measurement used in Google Trends. RSV is calcu-
lated as the number of queries for a keyword divided by the 
total Google search queries. This means that RSV shows the 
proportion of Google users that are searching for a term.

Data collection procedure

A search of the chosen terms was conducted on 28 October 
2021. The index of measurement used was the Relative 
Search Volume (RSV), a scale from 0 to 100 where the value 
represents the relative popularity of the term at a specific 
time over the given period where a higher value indicates a 
higher popularity (Nasser, 2018).

Data analysis

RStudio is an integrated environment development software 
that consolidates different programming tools into a simple 
application (R Team, 2020). It uses the coding language R to 
clean, analyze and graph data (Weston & Yee, 2017). To 
address the objective of whether the data from Google 
Trends and ASH are compatible, it was important to narrow 
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down which search term from Google would be most appro-
priate to compare to ASH. To solve this issue, the Locally 
Weighted Scatterplot Smoothing (LOWESS) regression func-
tion on RStudio was used. LOWESS creates a smooth line 
through a scatter plot, making trends easily and visually 
identifiable (Jacoby, 2000). The regressed smooth lines were 
compared to a graph illustrating the official e-cigarette usage 
data from ASH to compare which curve best matched ASH’s. 
From this point, all further analysis would be conducted on 
the best-matched search term.

To explore the next objective of Google Trends sensitivity 
to real-time events, a statistical analysis of the RSV was 
completed. Sensitivity was defined as statistically significant 
changes in trends by comparing means and variances 
amongst RSV across the nine years data was collected. This 
function was created using the Pruned Exact Linear Time 
method (PELT) on RStudio. Changepoint analysis had been 
chosen due to its wide application of use in different types 
of data sets such as climatology (Reeves et  al., 2007), bioin-
formatics (Erdman et  al., 2008) and medical imaging (Nam 
et  al., 2012). Furthermore, PELT detects the optimal number 
of changepoints to avoid over-identifying significant points 
(Wambui et  al., 2015).

Cross correlation

Cross-correlation function from “stats” package of RStudio 
determined the degree of similarity between Google Trends and 
ASH data. This allowed for the strength and directionality of 
data to be compared to determine whether the data moved in 
tandem and if the correlation was statistically significant.

Predictive modeling

To address the last hypothesis of Google Trends predictive 
ability, we used the Autoregressive Integrated Moving Average 
(ARIMA) function to leverage time series data from ASH to 
better understand the data and to predict future Google 
Trends RSV. ARIMA consists of three components (Krauss 
et  al., 2017): the autoregressive component uses past values 
of the data to predict future values, the integrated component 
removes trends and seasonality making the data stationary, 
and finally, the moving average component uses past errors 
of the model to adjust future predictions. The core assump-
tions ARIMA makes about the data are that it is stationary, 
statistical properties of the data are constant over time, and 
autocorrelated values of the time series are correlated with 
previous values (Andrea et  al., 2021). We assumed that these 
conditions hold for our data as there were no time related 
factors that could affect the number of searches being made. 
ARIMA was chosen due to it being the “most well-known 
method” for predicting univariate time series data (Krauss 
et  al., 2017); ARIMA has previously been used to forecast 
monthly patient volume in primary care (Abdel-Aal Re & 
Mangoud, 1998) and predicting dengue incident rates 
(Dhamodharavadhani & Rathipriya, 2020).

Results

Visualization and statistical significance of trends

LOWESS analysis was applied to the RSV of all four search 
terms (Figure 1). From 2012 to 2014, the terms “electronic 
cigarette” and “e-cigarette” were the most popular with peaks 

Figure 1.  Popularity for the terms “electronic cigarette” (blue) and “e-cigarette” (red), “vape” (black) and “vaping” (purple) expressed as RSV over time. Declining 
slope indicates decrease in popularity of the search term.
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in April and August 2013. The RSV on average was within 
the range of 40–60. After its decline in 2014, showing a 
steep yet steady fall, the RSV was within the range of 5 to 
20. In comparison, the terms “vape” and “vaping” quickly 
gained popularity after 2014 reaching a peak of 90 in July 
2019. By July 2016, “vape” had become the most popular 
search term across all Google platforms.

When comparing the trends with the actual percentage of 
vape users in the UK from ASH, the search term that most 
closely resembled the official figures was “vape”. As a result, 
“vape” was chosen to be the search term that will be used 
for the remainder of this study.

From the chosen term, a changepoint analysis was con-
ducted on its RSV. This revealed two significant change-
points, August 2015 and December 2016. This meant that at 
these two periods, there was a significant change in the 
term’s RSV.

Cross correlation

Figure 2 shows the results of cross-correlation analysis which 
demonstrate that lag 0 is the only statistically significant 
point at which a correlation was found between the data, as 
it was the only point that crossed the confidence bound. 
This meant that at present year, the two data sets were dis-
playing the same trends at the same time. The correlation 
coefficient was greater than +0.9 (meaning around 81% sim-
ilarity in both trend and direction), suggesting that the data 
are strongly matched in trend.

Predictive modeling

Figure 3 shows the ARIMA forecast for 2019 to 2020 with 
the blue line showing the predicted trend and the black line 
showing the actual RSV from Google Trends. The dark grey 
area represents a prediction interval of 80% and the light 

grey area is a prediction interval of 95%. From inspection, 
the prediction of the first half of 2019 was accurate, display-
ing similar peaks and directionality of the curve in the 80% 
prediction interval. However, after this point, ARIMA pre-
dicted a steady rise in RSV whereas the actual search vol-
ume drastically dropped to its lowest point since 2017, 
outside ARIMA’s 95% prediction interval.

Lastly, Figure 4 shows ARIMA’s prediction for 2022 to 
2023. Although the accuracy of this cannot be determined 
yet, the general observations show a slow rise in RSV. This 
overall suggests that the term ‘vape’ is recovering its popu-
larity after the drop in interest at the end of 2019. The accu-
racy of this predication was calculated to generate the MAPE 
value. A value less than 20% is considered good and less 
than 10% is excellent (Gilliland, 2010). The value generated 
for the 2022 prediction was 7.17%, meaning that the values 
generated by ARIMA should be around 7% off the true val-
ues that will be seen in actual Google Trends.

Discussion

Google Trends is a statistical website that provides real-time 
data exploring changes in public interests and behaviors. 
With the rise in e-cigarette popularity, assessment of the 
implementation of Google Trends to validate data, respond 

Figure 2. C ross correlation to measure the data synchronicity between the 
actual prevalence data and the Google trend’s data. The horizontal blue lines 
represent the upper and lower confidence bounds so lag 0 indicates a statisti-
cally significant correlation, suggesting that the data are strongly matched in 
both trend and directionality.

Figure 3.  Predictability of ARIMA model (blue line) in forecasting the online 
interest in vaping versus actual Google trend’s data (black line) for 2019 to 
2020 with confidence intervals of 80% and 95% respectively.

Figure 4. A RIMA model forecasting the online interest in vaping for 2020 to 
2023 with confidence intervals of 80% and 95% respectively.
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to changing public interest, and predict future trends would 
be a crucial tool in influencing public health policy. The 
outcome of this research supports the use of Google Trends 
acting as a proxy measure of e-cigarette exposure data to 
bridge the current gap in prevalence data. The reasons below 
will justify and explore this statement.

Visualization and statistical significance of trends

One source of evidence for the reliability of Google Trends 
comes from the LOWESS findings which determined that 
the term ‘vape’ most resembled the results from official data 
and showed a shift in terminology preference from 
‘e-cigarette’ to ‘vape’. A justification for this could be because, 
although very similar, vape products provided a new, inno-
vative way of smoking that its counterparts were lacking in 
such as (1) creating a sense of community via events such 
as VapeFest in 2010, (2) an assortment of e-liquid flavors, 
(3) customization, (4) longer battery life and (5) re-usability 
(Black Note, 2017). However, one study found contrasting 
results- “electronic cigarette” produced a much higher RSV 
as opposed to “vaping” in the US [5]. This may be explained 
by the ban on all flavored e-cigarettes in the US. A study 
looking at the effects this had on online interest found that 
users were likely to “replace cartridge-based vaping products 
with disposable e-cigarettes” (Dai, 2022).

After, changepoint analysis was conducted to determine 
any statistically significant points in time. The detected 
points seemed to show a significant increase in RSV follow-
ing government comments on the topic of e-cigarettes. The 
changepoint in August 2015 coincides with a report com-
missioned by Public Health England (PHE) stating that elec-
tronic cigarettes “are around 95% safer than smoking” 
(McNeil et  al., 2015) and the second coincided with the 
December 2016 parliamentary questions and answers sur-
rounding e-cigarettes (Action on Smoking and Health, 2016). 
The topics discussed included ways to increase access to 
vaping devices and remove barriers toward vaping uptake. 
This further validates the efficacy of Google Trends, as it 
was able to show an increase in RSV that we would expect 
to see following supportive government policy of vaping. As 
both changepoints corresponded to government statements 
surrounding ENDS use, a takeaway from this could be that 
health officials should be careful when giving advice as the 
public is easily influenced and responds quickly to advice.

Surprisingly, no significant event was detected in late 
2019 where there was a sharp and sudden drop in RSV 
(Figure 1). This drop was likely to be caused by the out-
break of e-cigarette or vaping use-associated lung injury 
(EVALI) in the US, which resulted in over two thousand 
cases and forty deaths by November of that year (Centers 
for Disease Control and Prevention & C. f. D. C. a, 2020). 
The online response to EVALI showed that internet searches 
for quitting e-cigarette use increased (Kalkhoran et  al., 
2020). Moreover, Google shopping queries for vaping prod-
ucts concluded that “unplanned events, such as the EVALI 
outbreak, can provoke changes in the epidemiology of prod-
uct used” (Leas et  al., 2022). This finding suggests a com-
plementary role of LOWESS and PELT as using multiple 

methods to examine the same results could fill in the gaps 
one model may miss.

The results were also compared to a similar study in the 
US [5]. Changepoints from the search terms “electronic cig-
arette” and “Juul pods” were likely associated with the rise 
in e-cigarette popularity in high-school students, as well as 
the excitement surrounding Juul’s launch. Though these 
points are specific to the US, it was interesting that their 
model also did not pick up 2019 as significant for “elec-
tronic cigarette” but did for “Juul pods” after a slight lag 
period. What can be inferred from this is that each search 
term is likely to produce a different outcome, so what may 
be deemed significant for one will not necessarily be signif-
icant for the other. A solution to this could be to conduct 
the data analysis on a few possible search terms and decide 
on the most appropriate term once all the results can be 
compared to each other. In addition, there could be a case 
for using alternate methods of calculating change points 
which could be compared to the results obtained by the 
PELT algorithm to determine which is more accurate.

Cross correlation

The strong correlation at a lag value of 0 indicated that current 
Google Trends data can reflect yearly consumption figures. This 
means that it could potentially be used in conjunction with typ-
ical data collection methods, either as an additional data source 
or as some form of validation metric. Although there is no 
other similar cross-correlation to compare this study’s results, 
this tool has been used in other medical areas. Correlation for 
the Google Trends search of “coronavirus” and incident case 
numbers found “significant positive correlations” between the 
two data sets (Sulyok et  al., 2021). However, another study 
pointed out the importance of choosing the correct search term, 
as when comparing Google search volume and suicide rates, 
there was a positive correlation for the term “generalised anxiety 
disorder” but a negative correlation for “sleep problem” (Lee, 
2020). It is also important to mention that the accuracy of this 
finding assumes that the official usage data from ASH is repre-
sentative of actual users. If factors such as the sample size are 
not reflective of the whole population, there is a chance that the 
data does not correspond.

Predictive modeling

The results from the prediction analysis indicated prelimi-
nary evidence for the use of ARIMA to forecast RSV in 
Google Trends. Although ARIMA is a favorable model at 
times where speed and reproducibility are desired, it is 
somewhat lacking in accuracy. ARIMA is univariate, mean-
ing its prediction is characterized by a single variable -trends 
in past RSV (Iwok & Okpe, 2016). As a result, ARIMA does 
not have the flexibility to respond to real-time events as 
seen in 2019. The sudden drop in RSV, most likely caused 
by EVALI, meant that its prediction did not reflect what was 
seen. This showed the need to consider extraneous factors in 
the model. Furthermore, events like this, which drastically 
impact RSV values, indicate our assumption of stationarity 
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may not hold. Therefore, ARIMA may not be the most 
appropriate model for long-term forecasting of trends data. 
Investigations into different models are warranted. This 
study opens up a new direction of research to testing new 
methods of prediction and replicability in predictive model-
ing to determine correlations between data.

Limitations

Due to a lack of data from official sources regarding 
e-cigarette usage in individuals under the age of 18, this 
study can only capture correlations between Google searches 
and adults aged 18 and above. It is reasonable to assume 
that younger people are more active online and are therefore 
more likely to make e-cigarette-related searches. As a conse-
quence of the lack of data, these correlations are not cap-
tured in this paper. The impact of this was unable to be 
examined and thus warrants further investigation.

Limitations of the findings came from the implementa-
tion of Google Trends itself. Some of the prominent limita-
tions included: the use of relative numbers over absolute 
numbers, the unknown context behind the search, scarce 
demographic information, exclusion of data from non-Google 
search platforms, and lastly, exclusion of data from people 
who do not have access to the internet or do not choose to 
gain their information from the internet.

As mentioned in the methodology, RSV shows the pro-
portion of Google users that are searching for a term. The 
intuitive interpretation of a declining trend is that fewer 
internet users are interested in the term. Though this may 
be the case, it could equally mean that there is a reduction 
in the proportion of searches i.e. the number of total Google 
search users increases, while the users searching for that 
term either remain stagnant or increase at a slower rate. 
Therefore, as Google Trends does not provide the actual 
numbers of users, it may be easy to misinterpret trends.

Google Trends just shows the general interest in a topic, 
not an explanation of what is driving the interest or what 
users do with that information. It is only an assumption that 
people who search about vaping will then go on to purchase 
it. While a survey can ask directly targeted questions to 
address these questions, Google Trends is unable to do so.

In the UK, Google Trends has the largest market share at 
86.31% (Johnson, 2021). This means that roughly 14% of 
internet searches have not been considered. When looking at 
reproducibility, this would be harder to achieve in countries 
where Google has a low penetration rate or where internet 
uptake is low. For example, Google has a 5% share of the 
search traffic in China where the use of Google is banned 
(Johnson, 2021) and only around 12% of the Somali popu-
lation has access to the internet (Johnson, 2021). This sug-
gests that the reliability of Google Trends is country specific, 
and the effects of market dominance and internet accessibil-
ity must be considered.

Lastly, Google Trends is only one tool for determining 
interest. Online platforms such as social media, news broad-
casts, television and film have a role to play in driving pub-
lic interest, which may also extend toward conversations 

between friends and family that may influence people’s opin-
ions. Therefore, when interpreting results, it is important to 
keep in mind that Google Trends is only displaying interest 
from online searches, not whole population interest levels.

Conclusion

Google Trends is a useful tool for quickly obtaining infor-
mation about user interests and behavior and is more eco-
nomically efficient than traditional methods of data 
collection. The tool has shown promise in validating existing 
data on e-cigarette usage in the UK and can provide insights 
into public attitudes and behavior in response to external 
factors. However, it is still in the early stages of development 
and requires further research. Therefore, it is recommended 
that Google Trends be used in conjunction with existing 
data collection methods or as a validation metric.
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