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Abstract 
Introduction: Tobacco companies use social media to bypass marketing restrictions. Studies show that exposure to tobacco promotion on so-
cial media influences subsequent smoking behavior, yet it is challenging to monitor such content. We developed an artificial intelligence that can 
automatically identify tobacco-promoting content on social media.
Aims and Methods: In this mixed methods study, 177,684 tobacco-related tweets published on Twitter in Turkish were collected. Through in-
ductive content analysis of a sample of 200 tweets, the main mechanisms by which tobacco is promoted on social media were identified. Then, 
a sample of 5000 tweets was deductively analyzed and labeled based on those mechanisms. A pre-trained transformer-based Large Language 
Model was fine-tuned using the labeled dataset. Then, tobacco promotion in all tweets was predicted using this model.
Results: The main mechanisms of tobacco promotion on social media included modeling the behavior, expressing positive attitudes, 
recommending use, and marketing brands or vendors. The developed model identified tobacco-promoting social media content with 87.8% 
recall and 81.1% precision. The utility of the model was demonstrated in the analysis of tobacco promotion in tweets for a period of a month.
Conclusions: This tool makes it possible to monitor tobacco promotion in social media and creates new opportunities for tobacco control policy 
and practice, not only in surveillance and enforcement but also in health promotion.
Implications: Tobacco promotion in social media is a well-known yet hard-to-addressed problem due to the nature of social media. This study 
leverages a cutting-edge AI approach, Large Language Models, to identify tobacco promotion in social media content automatically and pre-
cisely. The developed model offers better prediction performance than previously proposed techniques. The study enables surveillance of 
tobacco-promoting content both for research purposes and enforcement of tobacco control measures. Furthermore, we suggest a range of 
health promotion opportunities this tool can help with from developing personal skills to creating supportive environments and strengthening 
community actions.

Introduction
Prevention of tobacco advertising and promotion constitutes 
one of the pillars of tobacco control according to the policy 
package formulated as MPOWER by the World Health 
Organization (WHO).1 In this context, laws in many coun-
tries ban the marketing of tobacco products through con-
ventional media channels (television, radio, newspapers, 
etc.). Indicating the ineffectiveness of partial bans, WHO 
emphasizes that bans should cover the entire media, especially 
the new media; otherwise, tobacco companies find new ways 
as enabled by their high marketing budgets.1

Social media can turn into the “escape area for ille-
gality” due to its size, uncontrolled nature, and anonymity.2 
International tobacco companies bypass the said bans thanks 
to social media. In recent years, many news reports have been 
published that expose the marketing activities undertaken 
by international tobacco companies all around the world 
through “influencers.”3–6 In addition, tobacco-promoting 
content in social media is not only limited to the marketing 
activities of tobacco companies but can also be produced by 
ordinary individuals.7

The theory of information scanning8 asserts that individuals 
may acquire information even if they are not actively seeking 
it. A prospective study on young adults revealed that passive 
exposure to social media content promoting tobacco deter-
mined smoking behavior 6 months later and this effect was 
indicative of the dose–response relationship.7 Again, another 
larger study demonstrated this effect on media exposure re-
lated to electronic cigarettes.9

In Türkiye, 66.5% of students watching TV channels, 
videos, or motion pictures see a tobacco user on these media.10 
However, it is neither known nor monitored to what extent the 
exposure to social media content promoting tobacco is. While 
an amendment in the Turkish tobacco control law11 in 2018 
banned the use of images of tobacco products on social media 
as with other media, there are some challenges in identifying 
violations in social media due to its characteristics given 
above. The Tobacco Control Strategy 2018–2023 mentioned 
that tobacco companies were engaged in advertising and pro-
motional activities through social media due to the advertising 
ban, and set a strategy for “developing a system to identify 
campaigns and programs of the tobacco industry which 
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encourage young people to use tobacco products and facilitate 
their access to such products.”12 Our freedom of information 
query to the organization responsible for this strategy showed 
that no solution has been introduced and the set targets have 
not been met, yet (Supplementary Material S1).

Considering the production volume and consumption rate 
for social media content, it is very difficult to identify content 
promoting tobacco. This difficulty makes it harder not only 
to monitor tobacco promotion on social media but also to 
give a proper public health response. Individual investigations 
by cumbersome bureaucratic organizations upon complaints, 
penalties to be imposed if the perpetrator can be identified, 
and access restrictions will not act as a solution to the 
issue, although these measures are included in the law and 
the strategy document. Tobacco promotion in social media 
stands as a major gap in the primary prevention of tobacco 
addiction.

Artificial Intelligence technologies enable the performance 
of tasks that normally require human cognition on a faster, 
larger, and constant basis. Thus, they can contribute to solving 
this issue. As a result of developments in recent years, artificial 
intelligence technologies have been very successful in a wide 
range of tasks, such as comprehension of natural language, 
text classification, translation, summarization, question an-
swering, etc.13,14 In this context, identifying any content that 
promotes tobacco on social media can also be formulated as a 
text classification problem. If artificial intelligence manages to 
identify such content successfully, it can serve for surveillance, 
prevention, and health promotion purposes.15

This study aims to develop and demonstrate an artificial in-
telligence that can automatically identify tobacco-promoting 
content on social media.16 Objectives of the study are as 
follows:

1.	 Understanding and defining the ways in which tobacco 
promotion takes place on social media,

2.	 Using these definitions, create a dataset of a large number 
of social media content with labels on whether they pro-
mote tobacco,

3.	 Using the labeled dataset, fine-tuning a large language 
model to be able to classify such content,

4.	 Using this model, predicting and exploring tobacco pro-
motion on social media within a period of a month.

Methods
Study Design
This was a sequential mixed methods study where a qualita-
tive analysis was followed by a quantitative analysis (a.k.a. 
qual → QUAN17). First, the tobacco-related social media con-
tent was collected from social media. Second, inductive con-
tent analysis18 was applied to a small sub-sample to define the 
ways in which tobacco was promoted on social media. Third, 
a larger sample was labeled by human reviewers by deductive 
content analysis, using the themes identified in the previous 
step. Fourth, a large language model (LLM) was fine-tuned 
by supervised machine learning using the labeled dataset, 
followed by the evaluation of the model’s performance. Fifth, 
tobacco promotion in all collected social media content was 
predicted using the fine-tuned model. Lastly, descriptive sta-
tistics on tobacco promotion on social media were presented. 
Figure 1 illustrates the study’s workflow.

Data Collection
The data consisted of tweets (n = 177,684) published pub-
licly on Twitter in Turkish on 1st–31st October 2020 and 
containing at least one tobacco-related keyword. The data 
were collected by a Python script using Standard Search API 
v1.1.19

Following the recommendations of Kim et al.,20 a set 
of keywords was defined using (i) type names of tobacco 
products, (ii) brand names of conventional tobacco products, 
and (iii) brand names of electronic tobacco products. The 
types commonly used in Türkiye were listed with spelling 
variations. A total of 34 sub-brands of 5 manufacturers were 
acquired from local retailers for traditional cigarette brands 
available in the Turkish market. In total, 18 sub-brands of 11 
manufacturers from an international market analysis21 were 
used for e-cigarettes. Some keywords resulted in a high rate 
of irrelevant data. For instance, the keyword for a cigarette 
brand “Maltepe,” also yielded tweets referring to a location 
with the same name. Thus, the keywords yielding relevant 
results at least half of the time were selected. The final search 
query is provided in Supplementary Table S1.

The literature lacks an agreed sample size that is sufficient 
for training/fine-tuning a language model. Based on a review 
of similar studies22 5000 tweets were sampled randomly by 
weighting the number of tweets per day.

Qualitative Content Analysis: Inductive Phase
Inductive content analysis was used to identify how tobacco 
was promoted through tweets.

To this end, a small sub-sample consisting of 200 tweets was 
selected randomly from the 5000-tweet sample. Tweets were 
coded inductively as to how tobacco promotion occurred, if 
any. When the codes were grouped, 4 themes emerged as to-
bacco promotion mechanisms in social media:

1.	 Behavior: By stating the behavior of using a tobacco 
product;

2.	 Attitude: By expressing positive attitudes towards to-
bacco;

3.	 Recommendation: By directly recommending the use of a 
tobacco product;

4.	 Marketing: By indicating the name of a specific tobacco 
product or the location where it is sold.

However, the classification of all tweets was not straight-
forward. Some involved multiple themes, and contradictory 
statements both promoting and opposing tobacco. Therefore, 
a 4 × 4 coding frame was developed (Supplementary Table 
S2) to capture the complicated nature of the content. Each 
tweet was coded with a category under each theme either 
(1) against tobacco, (2) favors tobacco, (3) both, or (0) none 
(0). For example: a tweet that reads “I smoked an e-cigarette 
for the first time today, it’s not meant for me, but anyone 
curious should give it a try” is coded as behaviour:2, atti-
tude:1, recommendation:2, and marketing:0. Tweets coded 
favoring tobacco under at least one theme were considered 
tobacco-promoting.

Qualitative Content Analysis: Deductive Phase
The 5000-tweet sample was deductively labeled by human 
reviewers using the coding frame.

To reduce possible inter-reviewer bias and support trian-
gulation, a team of 27 volunteers was formed and each tweet 
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was coded by 2 randomly selected reviewers. Reviewers were 
provided with 4-h training which involved a briefing about 
the purpose and methods of the project, and instructions on 
accessing the tweets and usage of the coding framework. The 
researcher coded a handful of tweets together with volunteers 
and answered their questions.

A simple chatbot was programmed in Python to randomly 
assign tweets to reviewers and record their coding. As a re-
minder, the coding framework (Supplementary Table S2) was 
provided under each tweet.

Natural Language Processing
Typical in social media data, informal language use with 
typing mistakes and abbreviations can hinder prediction 
performance. To avoid that, an academic web service23 was 
used to pre-process texts for machine learning by tailoring 
them into formal written language. Developed specifically for 
the Turkish language, the service provided seven functions 
including transformation of letter cases, lexicon lookup, 
detection of proper nouns, correction of diacritics, restora-
tion of missing vowels, accent normalization, and spelling 

correction.23 In addition to that, usernames and URLs were 
removed using regular expressions while hashtags and emojis 
were retained.

Machine Learning
A language model that can predict whether a given tweet text 
is tobacco-promoting was developed and evaluated for its 
performance.

This study employed the Bidirectional Encoder 
Representations from Transformers (BERT), an LLM that 
was developed by Google in 2018 and proven to be more 
successful in language processing tasks than other methods to 
date.24 Typically, an LMM is used in two steps: pre-training 
and fine-tuning. In the pre-training step, the model is trained 
to represent the language in general through the use of a very 
large corpus of texts. At this stage, the model cannot make 
classification. Then, fine-tuning is carried out by relatively 
smaller sets of training data, enabling the model that has al-
ready “understood” a language in general to learn a specific 
classification task. This property of BERT allows to use of an 
advanced model, which would normally require a long time 

Figure 1. Study processes. O1–O4 indicate study objectives.
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and high computing power, in a specific task through fine-
tuning.24 This study used the open-source BERTurk model 
with a vocabulary of 128,000 words, which was pre-trained 
by Schweter in 2020 using 35 GBs of data in Turkish.25

The general-purpose BERTurk model was then fine-tuned 
to the specific objective of the study. Fine-tuning was ex-
ecuted on a server with a Graphics Processing Unit rented 
from Google. The dataset was divided into 4:1 training and 
test datasets by random sampling stratified on the categories 
of the outcome variable. First, the model was fine-tuned by 
introducing the training dataset to the algorithm. Then, the 
model was applied to the data that was not encountered by 
the model during the training, i.e., test dataset, and a value 
was predicted for each tweet in this dataset. The model per-
formance was evaluated by comparing the predicted values 
against the values assigned by human reviewers.

The training and testing process was carried out by first 
including all the reviews (model 1) and then only consistent 
reviews (model 2) to predict the promotion of tobacco. 
Tobacco promotion in all tweets collected was predicted 
using the second model.

Although the primary aim of the study was to identify any 
promotion of tobacco, additional models were also devel-
oped for the prediction of the four themes (behavior, attitude, 
recommendation, and marketing) individually. These models 
were developed in six scenarios to better account for the un-
derlying distribution of categories in each theme:

1.	 Trained on all reviews, predicts four categories (favors 
tobacco, against tobacco, both, and not applicable),

2.	 Trained on all reviews, predicts two categories (favors 
tobacco vs others),

3.	 Trained on all reviews, predicts two categories (favors 
tobacco vs against tobacco),

4.	 Trained on consistent reviews, predicts four categories 
(favors tobacco, against tobacco, both, and not applicable),

5.	 Trained on consistent reviews, predicts two categories 
(favors tobacco vs others),

6.	 Trained on consistent reviews, predicts two categories 
(favors tobacco vs against tobacco).

In total, 26 models were developed, 2 for predicting tobacco 
promotion and 24 for predicting four themes in six scenarios.

Statistical Analysis
Accuracy, sensitivity (a.k.a. recall), specificity, positive pre-
dictive value (a.k.a. precision), F1 Score, Pearson’s phi (a.k.a. 

Matthews correlation coefficient), and Cohen’s kappa statis-
tics were calculated to evaluate the performance of machine 
learning models. Descriptive statistics on the distribution of 
tobacco-promoting tweets among all the collected tweets 
were computed.

Software
Python scripts were programmed for each step of the study by 
the researcher. The workflow of these scripts, its connections 
with cloud services and the database, and the open-source 
packages used are shared in Supplementary Material S2.

Results
Description of the Dataset
A total of 177,684 tweets containing tobacco-related 
keywords were collected. On average, 6253.2 ± 1011.1 (min.: 
4447, max.: 8252) tweets were posted per day. These tweets 
were posted by 126,503 individual accounts. A total of 80% 
of the accounts posted only one tweet and 12.5% posted two. 
A total of 37.6% of the tweets were original tweets, 37.8% 
were retweets and quotations of other tweets, and 24.7% were 
replies. The majority of tweets (57.8%) contained mentions 
(of other users). In total, 87.8% of tweets were posted 
through mobile devices. Further characteristics of tobacco-
related tweets are provided in Supplementary Figure S1  
and Supplementary Table S3.

Qualitative Findings
The main qualitative findings are described in the method 
section since they informed subsequent processes. Here, 
a few example quotations are provided for the distinct 
themes in content analysis. Four themes emerged about 
tobacco promotion on social media: behavior of using 
tobacco, attitude toward tobacco, recommendation for 
tobacco use, and marketing of specific tobacco products 
and points-of-sale. While the themes in some tweets were 
simple and easily identifiable (Table 1), the case with most 
others was more complicated.

For example, a tweet “Turkish coffee and cigarette, I’ll stick 
with you even to the bitter end” (id: 1322324511711178752) 
expresses an attitude favoring tobacco, even though cig-
arette was referred to together with death. Another tweet 
“Sometimes, it smells so good when someone around me 
lights a cigarette that I would stick a cigarette up in my 
ears and nose if I didn’t know it would be a waste of time 
after 8 months of trying” (1317147491914186754) shares 

Table 1. Exemplary Quotations for Various Ways of Tobacco Promotiona

Favors tobacco Against tobacco

Behavior Look how awesome the night is I’m enjoying a cigarette and coffee 
along with the rain (1317534881568772097)

I have not been smoking for 3 days ♥ 
(1321081674495655938)

Attitude Dude, coffee and cigarette make a very good duo on the balcony when 
the weather is like this (1314247211987939329)

Those smokers, you’re not cool you just look like a 
walking chimney (1312834039603245059)

Recommendation Go out on the balcony and light a cigarette. Cheers to your dreams 
that will not come true even if you die. (1319448024184225792)

You smoke a lot. Quit smoking. 
(1315241254444294145)

Marketing I’ll just smoke a Marlboro touch blue, it is the best 
(1317604450052280323)

Let smoking on the sidewalk be banned. 
(1320074867744690176)

aTweet ids are provided in brackets.
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behavior against tobacco use while holding an attitude 
favoring tobacco, both implicitly. On the contrary, tweets 
like “I feel so sorry for myself because I’m a cigarette addict” 
(1320251910314745862) or “Again, I failed to quit goddamn 
smoking” (1316060965956452357) express an attitude 
against tobacco, while they contain tobacco use behavior. 
Tweets, such as “Be like a cigarette in this life. It reads ‘kills’ 
on it, yet it is indispensable...!” (1316678772326903808) or 
“Rain, sad songs and cigarette, these three have a bittersweet 
taste” (1322127077064232960) or “The urge to smoke and 
nausea while smoking, these are in every moment of my life 
now” (1315386587644137473), include both negative and 
positive attitudes together. The following tweet promotes 
a specific product while, expressing both the behaviors of 
smoking and smoking cessation: “I was going to light my last 
cigarette for old times’ sake, but I had two left. Anyway, I’ll 
quit smoking, friends and I’ll give away my last single Camel 
White to one of my followers. (…)” (1317931126154055682). 
These examples provided insights into the complicated nature 
of tobacco promotion in social media.

A total of 502 tweets were excluded due to profane lan-
guage which was captured using an open-sourced list.26 The 
remaining 4498 tweets were coded by two reviewers. Tobacco 
promotion was coded consistently in 3575 (79.5%) tweets. In 
total, 2005 tweets (56.1%) were promoting tobacco under at 
least one theme. A high proportion of tweets (35.4%) were 
containing tobacco use behavior. Raw coding by reviewers 
and tobacco promotion labels are shared as open data. The 
distribution of codes by themes and categories is summarized 
in Supplementary Table S4.

Machine Learning Performance
The performance metrics of models 1 and 2 predicting to-
bacco promotion in tweets are shown in Table 2. As expected, 
model 2, which was trained on consistently coded tweets, 
performed better than model 1, across all metrics. Model 2 
could discriminate whether social media content promotes to-
bacco with 81.7% accuracy and 87.8% precision. The model, 
a script to run it, and the predictions are shared open access.

The performance metrics of models predicting categories 
for individual themes are available in Supplementary Table 
S5. The models trained on consistent reviews were more suc-
cessful than the ones trained on all reviews. For instance, 
models 19–22 predicted tobacco use behavior, the attitude 
toward tobacco, tobacco use recommendation, and tobacco 

marketing with 81.9%, 89.3%, 98.3%, and 99.2% accuracy, 
respectively.

Predicted Tobacco-Promotion
A total of 70,803 tweets posted in October 2020 in Turkish 
were predicted to be tobacco-promoting. This accounted for 
39.9% of the tweets containing any tobacco-related key-
word and 2360.1 ± 599.4 tweets per day. The percentage of 
tobacco-promoting tweets per day (min: 28.3% on Oct 11, 
max: 52.4% on Oct 18) is shown in Supplementary Figure 
S2. It was similar on different days of the week (min: 37.5% 
on Saturday, max: 42.2% on Wednesday) or weekdays and 
weekends (40.0% vs 39.5%).

Figure 2 shows that more tobacco-related tweets were 
posted at night than in daytime hours (which peaks at 23:00–
23:59). Tweets promoting tobacco were more frequent at 
night (18:00–05:59, 43.7%) than in daytime hours (06:00–
17:59, 34.3%), especially after midnight.

Other characteristics of tweets promoting tobacco are pro-
vided in Supplementary Table S6. While 58.9% of original 
tweets promoted tobacco, only 20.5% of retweets promoted 
tobacco. It was noteworthy that 60.3% of tweets promoting 
tobacco mentioned another user. The percentage (45.2%) of 
tobacco promotion was higher among tweets posted via mo-
bile devices than other devices.

The first 50 words that were most frequently used in tweets 
are shown in the word cloud in Supplementary Figure S3 (stop 
words27 were removed). Tobacco-promoting tweets included 
words about foods (e.g., tea, coffee, etc.) consumed with to-
bacco as well as environments of tobacco use (e.g., night, bal-
cony, etc.) whereas addictive substances (e.g., alcohol, beer, 
etc.) and financial words (e.g., TRY, lira, tax, etc.) were fre-
quently mentioned in tweets that do not promote tobacco.

Discussion
Main Outcomes
Different Ways of Tobacco Promotion on Social Media Were 
Defined in Four Themes
Tobacco was promoted in social media by modeling tobacco 
use behavior, expressing a positive attitude toward tobacco, 
recommending the use of tobacco, and marketing a specific 
brand or point-of-sale. It is worth noting that tweets could 
contain combinations of themes, which may sometimes con-
tradict each other.

Table 2. Performance Metrics of Machine Learning Models Predicting Tobacco Promotion in Social Media

Model 1: all codings
(n = 8,996)

Model 2: consistent codings (n = 3,575)

Accuracy 79.7% 81.7%

PPVa (Precision) 81.9% 81.1%

Sensitivity (Recall) 80.8% 87.8%

Specificity 78.4% 73.9%

F1 score 81.3% 84.3%

Pearson’s phi (MCCb) 0.59 0.63

Cohen’s kappa 0.59 0.62

aPPV: Positive predictive value.
bMCC: Matthew’s correlation coefficient.
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A Labeled Dataset on Tobacco Promotion in Social Media 
Was Created
A dataset of 4498 tweets with labels on tobacco promotion 
and four relevant themes, was published open access. Future 
studies can utilize the dataset to explore different aspects of 
the problem or to develop better models.

A Well-Performing Machine Learning Model Was Developed
The model was capable of predicting tobacco-promoting con-
tent on social media at high levels of sensitivity (recall) and 
positive predictive value (precision).

The Utility of the Model Was Demonstrated on Tweets 
Posted Within a Month
The distribution and some basic characteristics of tobacco-
promoting tweets were presented. Tobacco-promoting tweets 
were published more at night, and with mentions of other 
users, the foods, and environments related to tobacco use.

Methodological Contributions
Identification of Exposure
Unlike information seeking, “information scanning” is 
when an individual is exposed to information incidentally 
and repetitively without direct intent.8 The study by Bigsby 
and Hovick28 indicated that information scanning plays a 
mediating role in increasing chronic disease risk factors such 
as smoking. A prospective study by Zhu7 revealed that young 
adults exposed to tobacco-promoting social media content 
use tobacco at higher rates after 6 months and demonstrated 
its dose–response relationship. Similarly, Liu et al.9 indi-
cated the effect of information scanning on e-cigarette use 
among young people. However, exposure data in both studies 
were self-reported which has been a common limitation in 

information scanning studies.8 The current study offers a 
tool that enables the measurement of exposure to tobacco-
promoting social media content more objectively.

Previous social media studies identified some themes in 
tweets containing a tobacco-related keyword.29 Themes 
on tobacco use behavior, attitude, and marketing in some 
studies30,31 are consistent with the qualitative findings of 
this study. However, they failed to address the complicated 
presentation of themes. Also worth noting, studies analyzed 
tweets with “tobacco-related” keywords, without a distinc-
tion of whether they were “tobacco-promoting.” The model 
developed enables such a distinction.

The thematic analysis in these studies was mostly carried 
out manually which limited the number of content to be 
analyzed. On the other hand, a large amount of content 
can be analyzed by machine learning methods.29 Liu et al.32 
also stressed the shortfall of manual thematic analysis in the 
studies investigating conventional or social media content. 
The mixed methods employed in the current study enabled us 
to utilize the ability of manual qualitative analysis to capture 
nuances and the scalability of machine learning.

Machine learning methods were utilized in a few studies, 
but it was to identify themes such as relevance to tobacco in 
general,30 advertisements,33 smoking cessation,34 or to detect 
the sentiment,35 not to identify tobacco promotion. The cur-
rent study went beyond identifying particular themes in social 
media and attempted to define tobacco-promoting content, 
which might be more useful for tobacco control purposes.

Although the qualitative analysis in this study was based 
on data in lieu of a theoretical framework, the inductively 
identified themes had parallels with behavioral theories.7,9,36 
Zhu7 explained the effect of tobacco-promoting social 
media content based on the Integrative Model of Behavioral 
Prediction37 which suggests that social media content affects 

Figure 2. Distribution of tobacco-related and tobacco-promoting tweets by hour of the day.
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the behavior of individuals (tobacco use) through the fol-
lowing mediators: descriptive norms (i.e., how popular 
tobacco use is), injunctive norms (i.e., what is said about to-
bacco use), attitude, and self-efficacy.7,38 The four themes in 
this study “tobacco use behavior,” “attitude toward tobacco,” 
“recommendation for tobacco use,” and “tobacco product 
marketing” in social media content may be linked with the 
descriptive norm belief, attitude, injunctive norm belief, and 
self-efficacy, respectively.

Prediction Performance
The models developed by Cole-Lewis et al.,39 focusing only 
on e-cigarettes, predicted behavior, attitude, and marketing 
with accuracies of 84%, 76%, and 91%, respectively. Models 
developed in this study predicted behavior, attitude, and mar-
keting with accuracies of 94%, 82.6%, and 99.2%, respec-
tively. Utilizing larger resources, Liu et al.32 predicted the 
tobacco use behavior in tweets with 71% sensitivity and 52% 
positive predictive value. A model in this study (model 19) 
predicted tobacco use behavior with 81.8% sensitivity and 
81.8% positive predictive value. Superiority in prediction 
performance may be due to the utilization of the BERT algo-
rithm, in contrast to relatively older and limited algorithms 
used in previous studies.22 In addition, using a coding frame-
work (Supplementary Table S2) that better represents the 
complicated nature of tobacco promotion on social media 
and training on data consistently coded by two reviewers 
might also improve the performance.

Implications on Tobacco Control Policy and Practice
Infoveillance
Global tobacco surveys showed an increasing trend in ex-
posure to traditional media in Türkiye,10 yet the exposure 
to tobacco-promoting social media content is unknown. 
This study predicted that on average 2360 tweets per day 
promoting tobacco were posted on Turkish Twitter. Developed 
models can be used to monitor the trends of exposure, ob-
jectively. This may enable the impact assessment of national 
interventions by before–after comparison.

Enforcement
Although some actions have been listed in the Tobacco Control 
Strategy in Türkiye12 regarding tobacco promotion in social 
media, stipulated means fall short of the ambition. For in-
stance, to prevent online advertising (action 3.1), the means 
was “accelerating the process of blocking access to websites.”12 
To strengthen the monitoring system (actions 3.4 and 3.6), 
the strategy includes “establishing new departments” that 
will identify harmful content.12 Such actions might be effec-
tive against ordinary websites selling tobacco products. Yet, 
it is neither feasible nor effective to perform the monitoring 
and identification by manual assessment, considering that the 
half-life of this content is as short as 6–18 min for Twitter and 
78–90 min for Facebook.40 Indeed, our freedom of information 
query (Supplementary Material S1) revealed that the goals for 
these actions have not been achieved. The model developed in 
this study can be integrated with the above-mentioned systems 
to help identify potential influencer marketing campaigns.

Health Promotion
While the content on traditional media is produced only by 
institutional agents, individuals also become content creators 
on social media. The study acknowledges that tobacco 

promotion on social media is not only by the tobacco in-
dustry accounts but also by individual users who may or may 
not affiliated with the industry. This study deliberately focuses 
on social media content instead of users and offers a tool to 
detect harmful exposure. By doing so, it creates opportunities 
not only for surveillance and enforcement but also for health 
promotion. Following Ottawa Charter domains,41 we suggest 
several use cases:

1.	 Developing Personal Skills: This tool can help to im-
plement more targeted health education for those who 
are exposed to tobacco promotion.29 Also, social media 
platforms can show automatic warnings when a user 
attempts to post tobacco-promoting content, informing 
about the potential impact of such content, and devel-
oping responsible publishing skills and motivation.

2.	 Creating Supportive Environments: Individuals who 
do not want to see tobacco-promoting content (e.g., 
children or people who quit smoking recently) can use 
a plugin application that integrates our models to filter 
that content out while they are browsing social media. 
Furthermore, social media platforms themselves can in-
tegrate similar models into their systems (i) to offer an 
option for not showing tobacco-promoting content to 
users, (ii) to display an automatic warning message along 
with that content, (iii) to exclude that content from rec-
ommendation algorithms, and (iv) from monetization 
mechanisms.

3.	 Strengthening Community Action: On the flip side, anti-
tobacco content can be supported or rewarded through 
retweets or likes by public health organizations and 
volunteers. In addition, this tool can provide quantitative 
evidence for advocacy groups to urge tobacco companies 
to stop marketing on social media and for social media 
companies to restrict tobacco advertising.5

Limitations and Future Directions
This study focused only on the text of the tweets since pre-
vious studies have already developed well-performing 
machine-learning models to identify tobacco products in 
images.42 Future studies may achieve better predictive perfor-
mance by adopting multimodal (text + image) approaches.29 
An in-depth examination of the false positives could provide 
valuable insights to further refine the proposed approach. In 
addition, the use of stratified random sampling in this study 
may not fully account for the time series nature of Twitter 
data. Future research should consider advanced sampling 
methods to ensure that the model generalizes better to the 
evolving nature of social media discussions. Future research 
could also benefit from examining the prevalence of tobacco-
promoting material disseminated by bots versus genuine user 
accounts.

The main purpose of this study was to demonstrate the ap-
plication of AI technologies in a public health issue—tobacco 
control. Hence, we adopted the state-of-the-art method avail-
able during the study period. Due to the lack of benchmarks 
for this specific task, study findings are compared with the 
most closely related studies available. Given the rapidly 
evolving AI field, new and better-performing LLM models 
have already become available. Future studies should test 
and compare different model architectures. Our work, with 
its detailed methodology and open data sharing, can serve 
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as a benchmark for such studies. Whether such sophisti-
cated models are necessary for this task is another open re-
search question, particularly considering the environmental 
implications of LLMs.

We acknowledge the recent changes in Twitter’s data ac-
cess policy after its rebranding as X made conducting similar 
studies very difficult and expensive.43 This further highlights 
the value of the data made available through our study, par-
ticularly for model development. Even so, implementing these 
models may require more innovative approaches. Efforts like 
those by the European Commission44 to restore research access 
could alleviate these challenges in the future. Nevertheless, so-
cial media platforms themselves have the capacity and, argu-
ably, the responsibility to implement such models internally, 
as they did in the face of COVID-19 misinformation.45 Future 
research should also explore the adaptability and transfera-
bility of prediction models to other platforms with more ac-
cessible data policies.

Conclusion
We developed an artificial intelligence tool that can automat-
ically identify tobacco-promoting content on social media. 
This tool enables future studies on tobacco control, informa-
tion scanning, and behavioral change to assess the exposure to 
tobacco-promoting social media content more objectively and 
at scale. The developed machine learning model outperforms 
similar models in the literature. Recommendations are 
presented to facilitate the implementation of this tool in 
tobacco control policies and practices, specifically in the 
infoveillence of tobacco-promoting content, enforcement of 
existing bans, and health promotion activities. The data and 
the model in the study are published open access.46,47
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Research online.
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