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Abstract

Online search queries have been used in various behaviour studies. As smoking has become a global health issue, studies
that assess smoking-related behaviours using online search queries have faced limitations in data utilization and study
design. This study conducts comparative analyses to investigate changes in smoking-related behaviours represented by
online search volumes. Baidu search queries from 2013 to 2017 were used to examine the search volume containing
four groups of smoking-related search keywords. A validation process was used to validate the proposed method by
comparing changes in search queries with the observed tobacco consumption. The results show changes in smoking-
related behaviours assessed by online search queries at the city level in China. The validation experiments illustrate the
consistency between changes in search volumes and tobacco consumption. Thus, online search queries were verified
to be an effective instrument for assessing smoking-related behaviours, and this study sheds light on broader behaviour
studies and policy assessments.
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The tobacco epidemic is the leading cause of preventable deaths globally (Danaei et al., 2009). The
World Health Organization (WHO, 2019) has reported that more than 7 million preventable deaths are
the result of direct tobacco use annually, while approximately 1.2 million non-smokers die due to
second-hand smoke exposure each year. Considering the devastating consequences of tobacco use on
public health, an increasing number of studies have paid attention to smoking-related behaviours,
especially to examine the risk factors for cigarette smoking and to encourage behaviour changes, such
as smoking cessation (Brewer et al., 2016; Christensen et al., 2014; Haardorfer et al., 2018; Lawless
et al., 2015). Moreover, more than 132 economies have increased the level of attention given to the
harm caused by tobacco use and have implemented various levels of tobacco control policies (WHO,
2019). The timely and accurate monitoring of smoking-related behaviours is imperative for policy
development to reduce smoking prevalence. However, traditional surveillance techniques for tobacco
use, such as online surveys, self-reporting, self-monitoring, and clinical trials, are inadequate to iden-
tify timely temporal and spatial health trends for public health, as well as surveillance for a very large
population. In many countries, annual representative individual or household-level surveys of tobacco-
related attitudes, beliefs, and behaviours are largely unavailable, and there are also considerable time
lags between available data sources and the rapidly changing landscape of smoking and tobacco
control.

With the advancement of the Internet and the development of big data, search query data from Internet
search engines have become an attractive and promising alternative to traditional surveillance systems. The
2018 Global Digital Report from We Are Social and Hootsuite (2018) revealed that the world’s Internet users
now number more than 4 billion. Using web search engines to obtain information has become one of the
most frequent online activities (Singer et al., 2015). Online search query data generated from online search
engines, such as Google and Baidu, have been used to monitor and predict infectious diseases, such as influ-
enza epidemics (Gahr et al., 2015; Ginsberg et al., 2009) and dengue fever (Li et al., 2017; Liu et al., 2016),
to nowcast private consumption (Kholodilin et al., 2010), and to forecast tourism inflows and demands
(Artola et al., 2015; Pan et al., 2012).

Although limited, online search query data have also been employed in smoking-related behaviour stud-
ies, such as tracking the popularity of electronic cigarettes (Ayers et al., 2011b; Paek et al., 2020) and water-
pipe tobacco (Salloum et al., 2015), monitoring tax avoidance and smoking cession after the tax increases
(Ayers et al., 2011a), and assessing the impacts of tobacco control policies (Huang et al., 2013; Troelstra
et al., 2016). However, most previous studies on smoking-related behaviours using online search queries
have faced limitations in both data utilization and study design. Specifically, the search queries of these stud-
ies tend to contain a limited set of search keywords, which may overlook diversified smoking-related behav-
iours due to personal search habits. For example, Huang et al. (2013) used three key search terms, namely,
“smoking ban(s)”, “electronic cigarette(s)”, and “quit smoking”, along with news coverage to assess the
impact of the National Smoking Ban. Troelstra et al. (2016) only used the term “quit smoking” on Google
Trends to study the effect of tobacco control policies on information seeking for smoking cessation.
Moreover, such studies lack the validation of their proposed method and data, which potentially reduces the
validity of the research.

By introducing online search query data, this article aims to propose an alternative tool for large-scale
behavioural analysis with new, big data. Taking smoking-related behaviours as an example, this study
adopted massive online search queries data from Baidu to track the behavioural changes in smoking. The
proposed alternative tool is able to fulfill the literature gaps as (1) the Baidu search query data contains a
massive amount of Internet users’ daily search activities, which generates valuable data to analyse the behav-
iours of a large population; (2) a more comprehensive list of search keywords is compiled to capture smok-
ing-related behaviours; (3) observed tobacco consumption data from statistical agencies are used to validate
the online search queries.
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A major premise of the tool is that searching for smoking-related keywords in an online search engine
implies that the user requires such information, which may further induce the corresponding actions in real
life. To elaborate on how the tool works, we used the search volume data to represent smoking-related
behaviours and examined the behavioural change between 2013 and 2017. After revealing the behavioural
changes in smoking, we compared them with the tobacco consumption data from local statistical agencies to
validate our assumptions and the tool.

Methods
Data

China’s Internet users numbered 772 million in 2017, and that number is still increasing (China Internet
Network Information Center, 2018). More than 95% of Chinese Internet users have made Baidu their
first choice for obtaining information among all the available search engines. Collaboration with Baidu
enables us to obtain search volume data generated from massive search queries submitted on www.baidu.
com. Notably, although similar search query data are publicly accessible and can be downloaded from
the Baidu Index (http://index.baidu.com), the available keywords from the Baidu Index are extremely
limited because the site filters the keywords with relatively lower search volumes (Baidu Index value
that is lower than 50).

Before proceeding with the data processing and analysis, we defined several key concepts that will be
used in this study:

(1) Search query: A search query is a phrase or a keyword combination users enter in search engines to
find a particular content or information. It represents the search behaviour and refers to the willing-
ness to engage in certain smoking-related behaviours in this study.

(2) Search keyword: A search keyword refers to a word or group of words that are usually associated
with particular content or topic. A keyword is an abstraction that we extracted from multiple search
queries related to smoking behaviours.

(3) Search volume: The search volume indicates the number of search queries for a specific search key-
word in a search engine, such as Baidu in this case, within a given timeframe.

To comprehensively describe smoking-related behaviours, this study complies with a search keyword list
that contains a total of 954 various keywords, based on a systematic literature review, interviews with smok-
ers, and a digging for Baidu’s search connection and recommendation algorithms. The original annual search
volumes for the 954 search keywords in both 2013 and 2017 were collected at the city scale, which represent
normalized numbers of unique searches containing these keywords.

The 954 search keywords are classified into four groups based on the connotation of the keywords and
the corresponding behaviours associated with them (Table 1). In each keyword group, the search volumes
were summed up and further divided by the average annual number of Internet users in each city to generate
per capita search volume of the smoking-related keywords. For example, search keywords related to tobacco
and smoking, such as brands of cigarettes and how to start smoking, capture an overall interest in tobacco
use. The tobacco purchasing group encompasses a wide range of search keywords related to cigarette prices
and vendors. Tobacco control search keywords include news on tobacco control policies and smoking ban
regulations. The smoking cessation group encompasses keywords related to smoking cessation methods and
products, which provides indicative evidence of quit intentions and quit attempts among smokers who use
Baidu to obtain quit smoking-related information.

Figure 1 provides an overview of the total search volumes of each group of smoking-related search que-
ries. Specifically, in both 2013 and 2017, the tobacco and smoking search queries made up the largest share
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Table . Smoking-related search keywords identified in this study.

Group of search Number of search  Examples of search keywords Description of search

keywords keywords keywords
Tobacco and 561 AH7KHAEL (Lishui Tobacco), I B fH 40 24 # Brand of cigarette,
smoking search (Shuangxi Century Classics), Z/ /-7 Jif (female  smoking tutorials,
keywords cigarettes), fli{fl FF4 (smoking gestures), female tobacco brands,
FRAN ARl (how to smoke smoking gestures,
scientifically) smoking methods
Tobacco purchasing 120 MRS F1T 1% (online tobacco ordering), Purchasing channels,
search keywords SHR ISRk (websites to buy cigarettes),  vendors, prices
5 (buying cigarettes legally)
Tobacco control 154 THHTMAZE (smoke-free offices), Smoking bans, tobacco
search keywords BRI FES i (tobacco control policies), control policies,
ERNREE) 75 2E (tobacco control regulations, and
programmes),JZfH; 5 5] (tobacco control penalties and smoke-
activities), LJRL T (smoke-free cities) free cities
Smoking cessation 119 HEIBE)JH (aerobic exercises to help Cessation methods,
search keywords quit smoking), JH[ ) E (eliminating smoking  institutions to help one
addiction), FEAFIA (how to quit smoking quit smoking, treatment,
easily), B XUAFAMA 72 (effective ways to e-cigarettes
quit smoking)
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Figure |. The search volume of different search queries in 2013 and 2017.

of the total volume, as the group contains more than 60% of the keywords. The total search volumes of each
group witnessed various degrees of increase from 2013 to 2017, which may indicate different increases in
different smoking-related behaviours. Notably, the total volume of search queries reached over 1.06 billion
in 2017, more than three times that in 2013, which may also be attributed to the ever-increasing number of
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Internet users and online search activities. As tobacco use is harmful to general health, we define tobacco and
smoking and tobacco purchasing queries as “negative” queries since they are potentially associated with
behaviours that may result in smoking. However, tobacco control and smoking cessation queries are defined
as “positive” groups due to their association with less smoking or cessation.

Study design

The unit of analysis used in the present study consisted of administrative cities in mainland China, and the
search volumes of the queries were aggregated at the city scale by the geotags embedded in the search activi-
ties. A total of 343 administrative cities were involved in the comparative analysis to examine changes in the
search queries and the behaviours associated with them. In this study, smoking-related behaviours are calcu-
lated as the annual search volumes of the smoking-related search keywords divided by the number of Baidu
users. To track the changes in behaviours between 2013 and 2017, a variable is defined as behaviour change
and calculated using the difference of the search volumes between 2017 and 2013, and dividing by the search
volume in 2013.

In addition, to explore how smoking-related behaviours vary among cities with different tobacco control
policies, three types of cities were identified according to the tobacco control policies implemented by the
local governments.! In Type A cities, which are represented by Beijing and Shanghai, smoking is strictly
prohibited in all public places, indoor areas of the workplace, and on public transport. In addition, the out-
door areas of schools, cultural relics protection areas, stadiums and healthcare facilities are also designated
as no-smoking zones. While in Type B cities, such as Dalian and Hohhot, smoking is not allowed in specific
indoor areas, including stadiums, libraries, museums, stores larger than 200 square meters, the waiting
rooms, consultation rooms, and wards in hospitals, as well as the classrooms and corridors in schools. Type
C cities have no tobacco control policies enacted at the current time. The introduction of tobacco control
policies in the analysis has at least two-fold meanings: first, as a policy intervention, the tobacco control
policies would significantly influence smokers’ behaviours, and thus left noticeable marks in both search
volume and consumption data, which helps us explain the changes in the data and supports the validation of
our tool as well; second, it is our preliminary attempt to conduct a policy assessment using online search
queries data, and this is also one of the major contributions of this paper, which is to advocate the use of
online search queries data in behavioural studies and policy assessment, not only in tobacco use, but also in
other fields that require massive behaviour surveys.

Tobacco consumption is an indicator that may represent the observed smoking-related behaviours, espe-
cially the changing trends. Such data are used to validate our data and method regarding proxying behaviours
using online search queries data. In China, tobacco consumption data are collected at municipal level, but
there is no statistical standard for these data among cities. For example, some cities use “total sales or total
retail sales of tobacco products”, some cities use “taxes and other charges on principal business”, while oth-
ers use “transaction amount, profit or output value”. One common attribute of these different statistics is that
they can be used as proxies for tobacco consumption. Both tobacco consumption data and demographic data
of the sample cities were collected from municipal statistical yearbooks, which are publicly available on the
official Municipal Bureau Statistics website.

To validate our method and data, we first compared the change in smoking-related behaviours, which is
measured by the search volume of the queries, with the tobacco consumption in each sample city. In addi-
tion, different proxies of tobacco consumption were further standardized to explore the heterogeneity
between different types of cities, and sample cities with and without tobacco control policies were selected
to explore how online search activities and tobacco consumption were influenced by policy interventions.

Only 17 cities were found to have publicly accessible tobacco consumption data, either in their yearbooks
or other statistical datasets. Therefore, we could only use such limited observed data to validate our results.
Type A cities include Beijing, Shanghai, and Shenzhen, and Type B cities include Nanning, Hohhot, Lanzhou,
Nanjing, Hangzhou, Guangzhou, Changchun, Shijiazhuang, Fuzhou, and Dalian, while Type C cities include
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Table 2. Smoking-related queries in different types of cities in China.

Type of cities Year Tobacco and Tobacco Tobacco Smoking All
smoking purchasing control cessation queries

Type A 2013 0.54 0.1 0.06 0.09 0.82
(Cities with the strictest 2017 0.61 0.13 0.09 0.13 0.96
tobacco control policies) (adjusted)

Change 0.13 0.11 0.43 0.40 0.18
Type B 2013 0.55 0.12 0.06 0.09 0.82
(Cities with slack tobacco 2017 0.57 0.12 0.07 0.10 0.85
control policies) (adjusted)

Change 0.03 0.01 0.11 0.11 0.04
Type C 2013 0.57 0.13 0.07 0.08 0.84
(Cities without tobacco 2017 0.57 0.12 0.07 0.08 0.83
control policies) (adjusted)

Change 0.00 -0.03 0.00 -0.03 -0.01
All cities 2013 0.57 0.13 0.07 0.08 0.83

2017 0.57 0.12 0.08 0.08 0.84

(adjusted)

Change 0.00 -0.03 0.11 -0.02 0.01

Correction factor=3% (The 2017 search query data were adjusted to minimize the influences from the change in Internet users’
search behaviours. The correction factor is calculated as 3% considering that there was a 3% increase in per capita search volume
in Baidu from 2013 to 2017.) The adjusted 2017 search queries =The original 2017 search queries/(| + correction factor). The bold
font emphasizes the changes in “positive” smoking-related queries that are more than 10%.

Chengdu, Chongqing, Suzhou, and Linyi. The tobacco consumption is also calculated at per capita basis for
comparison purpose.

Results

Changes in smoking-related behaviours

Table 2 displays smoking-related behaviours calculated in the four groups of smoking-related keywords at
the aggregate level of all cities in China in both 2013 and 2017, as well as the change between the two years.
Specifically, we mainly focused on changes that are more than 10%, which is the second quartile of all the
changes in each city. For the total condition, although the “negative” smoking-related behaviours given to
the “negative” search keywords (tobacco and smoking and tobacco purchasing) remained higher than the
“positive” keywords (tobacco control and smoking cessation) in 2017, tobacco control was the only group
that increased significantly; the changes in other groups of smoking-related queries did not manifest as
strongly as the overall search volume. On the one hand, Baidu search users remained interested in tobacco
and smoking and tobacco purchasing; on the other hand, their awareness of tobacco control and legislation
evidently increased from 2013 to 2017.

Figure A-1 in the Supplemental material gives a full picture of the spatial distribution of the changes
related to smoking-related queries. For the “negative” queries, most of the cities with an evidently increased
search volume were located in the southeastern and southwestern areas of China, including the cities of
Hangzhou, Shenzhen, Shaoyang, and Chongqing, with a few cities positioned in the central and northern
parts of China, including Lanzhou and Beijing. Additionally, the cities where tobacco and smoking search
volume remained stable numbered more than their tobacco purchasing search volume counterparts, which
were mainly located in the western and northeastern areas of China. With regard to the “positive”
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smoking-related queries, cities with increased search volume given to tobacco control or smoking cessation
were mainly situated in the southeastern, southwestern, and central areas of China. In Western China, many
cities witnessed a spike in tobacco control search volume but a decrease in smoking cessation search volume.
Notably, compared with the spatial distribution of changes in “negative” smoking-related queries, more cit-
ies showed increases in the changes in “positive” queries, especially in the western and central areas of
China. Regarding overall search volume, most cities remained stable. Specifically, cities with an increased
search volume were mainly located on the southeastern coast and central and western areas of China, while
most of the northern and western areas of China experienced a drop in the overall search volume.

Based on previous studies, geographical context exerts an obvious effect on smoking-related behaviours.
At the national scale (between cities), the prevalence of smoking may be affected by various policies related
to tobacco taxation (Callison and Kaestner, 2014), the advertising of tobacco products (Hanewinkel et al.,
2010), and intervention policies such as “smoking bans” (Catalano and Gilleskie, 2021). At the local level
(within cities), area-based housing improvement (Bond et al., 2013), social capital and cohesion (Andrews
et al., 2014), neighbourhood crime (Shareck and Ellaway, 2011), and population structure such as age and
gender (Grotvedt and Stavem, 2005) have influenced smoking behaviour evidently.

Although we tried to summarize a spatial pattern among cities, we noticed that smoking-related behav-
iours, either in the positive direction (tobacco control and tobacco cessation) or in the negative (smoking and
tobacco purchasing) do not show significant spatial autocorrelation. However, what we found in the spatial
distributions is that cities experienced increased attention to tobacco control and smoking cessation covers
most Type A and B cities (cities with strict or moderate tobacco control policies) and these cities could also
be found to have increased overall attention. Besides, those cities that experienced a decrease in overall
attention are mainly concentrated in Type C cities. Our findings are consistent with the literature at the
national level, but due to the lack of data at a finer scale, how smoking behaviours distributed within each
city is not included in this study.

Changes in smoking-related behaviours in different types of cities in China

Table 2 displays per capita search volumes calculated in the four groups of smoking-related search keywords
at the aggregated level of three types of cities in both 2013 and 2017, as well as the changes between the two
years. As Table 2 shows, all groups of smoking-related queries and the overall search volume showed vari-
ous degrees of increase from 2013 to 2017 in Type A cities. In particular, the change in tobacco control
search volume was the most evident, which was followed by the change in smoking cessation search vol-
ume. For Type B cities, “positive” smoking-related queries increased noticeably, whereas their “negative”
counterparts and the level of overall search volume remained stable. For Type C cities, all types of smoking-
related queries remained stable.

Notably, tobacco control policies exerted more impact on “positive” smoking-related queries, which
include tobacco control and smoking cessation search volume. Although “positive” smoking-related search
volumes increased markedly in both Type A and Type B cities, the changes related to these queries were
much more obvious in Type A cities. These results illustrated that in cities with more stringent tobacco con-
trol policies, Baidu search users’ interest in tobacco control and smoking cessation increased. In addition,
their awareness of related legislation and quitting smoking was greatly influenced by the intensity of tobacco
control policies.

Validation results

Comparison of online search query data and municipal statistics

Figure A-2 in the Supplemental material illustrates the comparison of smoking-related behaviours assessed
by online search query data and the municipal statistics for each city, and Table 3 provides a summary of the
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Table 3. The validation results between online search volume and consumption.

City Volume of Volume of Tobacco Validation
positive queries negative queries  consumption result

Type A Beijing
(Cities with the strictest
tobacco control policies)

Shanghai

Shenzhen

Type B
(Cities with slack tobacco
control policies)

Guangzhou
Changchun
Shijiazhuang
Fuzhou
Dalian
Nanning
Hangzhou
Hohhot

Lanzhou

Nanjing

Type C Chengdu
(Cities without tobacco
control policies)

Suzhou

Chonggqing

Z|=<|=<|=<|z|z|z|=<|<|<|=<[<|<|=<[=<|<]|=

Linyi

- means an increase in the search queries or consumption, - means a decrease. For smoking-related queries, the darker
the colour, the more the behaviour changed.

validation result. We expected that changes in online search volumes would be associated with actual tobacco
consumption, for example that a more evident increase in the volume of “positive” search queries would be
associated with decreased tobacco consumption, and vice versa. Notably, 13 out of 17 sample cities showed
consistent changes in both their municipal statistics and online search volumes, as expected; however, the
other four cities failed to meet the expectation.

Eleven cities (Beijing, Shanghai, Shenzhen, Guangzhou, Changchun, Shijiazhuang, Fuzhou, Dalian,
Chengdu, Suzhou, and Chongqing) showed a similar pattern, that is, their increases in “positive” smoking-
related behaviours were much larger than that of their “negative” ones from 2013 to 2017. Take Beijing as
an example, the red colour in the search volume of positive and negative search queries implies both of them
experienced an increase between 2013 and 2017, while the blue colour refers to a decrease in tobacco con-
sumption. The dark shade in the positive queries indicates the increase in positive queries is greater than the
negative ones. In Nanning, the “positive” smoking-related behaviours experienced an increase, whereas the
“negative” behaviours declined slightly. Correspondingly, the observed tobacco consumption per capita in
the aforementioned 12 cities experienced varying degrees of shrinkage. Conversely, in Hangzhou, the
increase in “negative” smoking-related behaviours was much more evident, and the tobacco consumption
per capita was on the rise.

In addition, the situations in the other four cities (Hohhot, Lanzhou, Nanjing, and Linyi) were entirely
different. In Hohhot, “positive” smoking-related behaviours spiked rapidly, while “negative” behaviours
dropped noticeably. In Nanjing, the increase in “positive” smoking-related behaviours was much more evi-
dent. Conversely, the decrease in “negative” smoking-related behaviours was much more obvious in Linyi.
Nevertheless, tobacco consumption per capita in the preceding three cities increased. In addition, in Lanzhou,
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Table 4. The changes in online search queries and tobacco consumption from 2013 to 2017.

Type of city Search queries Municipal statistics
Tobacco and Tobacco Tobacco Tobacco Tobacco
smoking purchasing control cessation consumption
Type A average 0.13 0.11 0.43 0.40 -0.05
Type B average 0.06 0.05 0.12 0.15 -0.02
Type C average 0.06 0.02 0.11 0.10 0.03
All cities average 0.07 0.05 0.17 0.18 -0.01

Type A refers to cities with the strictest tobacco control policies; Type B refers to cities with slack tobacco control policies; Type
C refers to cities without tobacco control policies. Comparison of the impacts of tobacco control policies on online search query
data and municipal statistics.

the rise in “negative” smoking-related behaviours was more remarkable, but the observed tobacco consump-
tion per capita saw a decrease. However, the contradictory results of Hohhot, Lanzhou, and Linyi can be
explained by the Statistical Report on China’s Internet Development Status published by China Internet
Network Information Center (CINIC) in 2017. It was reported that the Internet penetration rates in Inner
Mongolia and the Gansu and Shandong Provinces were 52.2%, 42.4%, and 52.9%, respectively, which were
lower than that of the whole nation, i.e., 53.2%. Thus, in cities where people have limited access to the
Internet, the online search query data may underestimate the actual behaviours.

Additionally, Table 4 shows a comparison of the changes in online search queries and tobacco consump-
tion at the aggregate level of the three types of cities. The increase in “positive” smoking-related behaviours
was the largest in Type A cities, followed by Type B cities. Correspondingly, the descent in tobacco con-
sumption was the most significant in Type A cities. Notably, Type C cities were the only cities in which the
observed tobacco consumption increased slightly.

Six cities, including two Type A cities (Beijing and Shanghai) and four Type B cities (Nanning, Lanzhou,
Changchun, and Fuzhou), were further selected to examine their tobacco control policies and their impacts
on both online search queries and tobacco consumption. Different tobacco control policies were imple-
mented between 2013 and 2017 in these selected cities, thereby offering us the chance to assess these policy
interventions. As Figure A-3 in the Supplemental material shows, tobacco control policies exerted a consist-
ent impact on both municipal statistics and online search queries in all of the cities except Lanzhou. After the
adoption of tobacco control policies, tobacco consumption began to decline in Beijing and Nanning; this
decrease was aggravated in Shanghai and Fuzhou, and the increase in consumption became less evident in
Changchun. Correspondingly, the increase in “positive” smoking-related behaviours was much larger in
these five cities. However, Lanzhou was an exception. After issuing tobacco control policies, the observed
tobacco consumption decreased, but the increase in “negative” smoking-related behaviours was more
marked than that of “positive” behaviours. The fact that the Internet penetration rate was only 42.4% in
Gansu Province, as reported by the CINIC in 2017, might be an explanation. However, undeniably, tobacco
control policies exerted a positive impact on smoking control and cessation.

Discussion

This study assessed smoking-related behaviours using Baidu search query data and found that (1) although
the level of attention given to all four groups of smoking-related queries increased, the increase in tobacco
control search volume was the most significant, and that (2) differences in tobacco control policies are
reflected in both the online smoking-related search queries and the observed tobacco consumption. Notably,
tobacco control policies exerted the largest impact on smoking-related search queries and tobacco consump-
tion in Type A cities, which means that the intensity of tobacco control policies greatly influences Baidu
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users’ awareness of tobacco control and cessation. (3) In addition, the information acquisition preferences
represented by Baidu online search queries are consistent with observed levels of tobacco consumption,
thereby achieving scientific and objective assessment for smoking-related behaviours. The validation pro-
cess demonstrates that the assessed behaviours based on Baidu search queries are well associated with
observed levels of tobacco consumption in sample cities, and both the online search queries and levels of
consumption are sensitive to the implementation of tobacco control policies. Moreover, our validation sheds
light on the possibility of using online search query data in policy assessment.

The added value of this study includes (1) expanding the available research on behaviour studies using online
search query data through the inclusion of many more search queries and the supplementation of the validation
process, (2) defining four categories of smoking-related queries to represent more diversified smoking-related
behaviours, and (3) further demonstrating the possibility of using online search queries as a new instrument for
policy assessment, especially for evaluating large-scale population behaviours in the public health domain.

Some limitations of this study are noteworthy. First, the online search query data omitted some population
segments, such as elderly individuals who seldom use search engines and low-income individuals who have
limited access to the Internet. Second, Baidu only offers search query data for two separate years and fails to
examine continuous changes in search queries and statistical tobacco consumption. Future studies are
encouraged to assess the robustness of this method by expanding the panel data to a time series analysis,
especially to examine how online search queries and tobacco consumption respond to local tobacco control
policies. Finally, only a limited number of cities in China provide publicly accessible data on tobacco con-
sumption, and alternative validation data are needed to further examine the validity and robustness of the
proposed method and search query data. In addition, the development of big data on social media also pro-
vides a platform that allows people to share their interests on certain topics and their behavioural prefer-
ences. Running content analyses on such social media data can be useful for developing crossover analyses
with online search queries and offers a new lens to trace smoking-related information and behaviour changes.

Declaration of conflicting interests

The author(s) declared no potential conflicts of interest with respect to the research, authorship, and/or publication of this
article.

Funding

The author(s) received no financial support for the research, authorship, and/or publication of this article.

Supplemental material

Supplemental material for this article is available online.

Note

1. The relevant tobacco control policies were derived from the official government documents, which could be found
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