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Abstract:

Background: Thailand has the highest total alcohol consumption per capita of the Southeast
Asian Region and alcohol is considered to be responsible of 2.1% of yearly death in Thailand. This
exploratory research aimed to describe the behaviors, sentiments, attitude, and knowledge
related to alcohol consumption in Thai tweets.

Method: The Twitter APl was called using the tweepy Python library to collect alcohol-related
tweets in the Thai Language using 12 search terms. Fifteen thousand random tweets were
manually coded by three Thai native speakers to assess the beliefs, knowledge and sentiments
associated to collected tweets. Supervised machine learning algorithms were trained to classify
tweets per category and sentiment based on the results of the qualitative content analysis using
the scikit-learn Python library. Standard Term Frequency analysis of tweets labeled as positive
and negative by the sentiment machine learning algorithms were achieved using the nltk Python
library. Temporal heatmaps of tweets classified as Personal communications and tweets labeled
as positive and negative by the machine learning algorithms were designed using the calplot and
seaborn Python libraries.

Results: A total of 10,888,196 unique tweets were collected from the 01/01/2023 to the
12/07/2023. “Personal Communications” represented 49.1% of the coded random sample, 15.3%
were “Pornography-related” tweets and 35.6% were coded as Irrelevant. Among Personal
communication tweets, 81.1% were coded as Neutral, 4.9% as Positive and 14.0% as Negative.
The open coding of both positive and negative tweets labeled as Personal communication
described well-known alcohol-effects and experiences (e.g., hangover, aggressivity, prosocial
behaviors, euphoria). The Term Frequency analysis revealed the presence of words potentially
related to harmful events (e.g., “UU,” “8uUn318,” “vu,” “8135”) in the tweets labeled as negative.
The temporal heatmaps suggest that negative Personal communication tweets were posted most

frequently on Saturday evening.



Conclusion: Despite changes in Twitter/X data collection policy, over 10 million tweets were
collected over the study period. Nevertheless, Twitter/X is not a viable data source to collect
digital information related to alcohol or health in general. Twitter/X users tend to display a rather
negative attitude toward alcohol. No alcohol-related prevention messages were found during the
data analysis calling for designing and disseminating health information through social media.

Several potential future research are also formulated.
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E. Background and significance

According to WHO, alcohol, or ethanol, is “a toxic and psychoactive substance with
dependence producing properties” and harmful consumption of alcohol is a causal factor in over
200 diseases and injury and is responsible for up to 5.1% of yearly deaths worldwide (WHO, 2018).
Heavy Episodic Drinking (HED) is the most common form of harmful drinking and can be defined
as the consumption of 6 or more standard alcoholic beverages in a single occasion over the last
30 days (WHO, 2022). Alcohol consumption remains the main risk factor for premature death and
disability among those aged 15 to 49 years, accounting for 10% of all deaths in this age group. In
addition, disadvantaged and especially vulnerable populations have higher rates of alcohol-
related death and hospitalization. Although long-term alcohol consumption causes a variety of
non-communicable diseases such as cirrhosis (Rehm et al., 2010), liver cancer (Turati et al., 2014)
or diabetes (Baliunas et al,, 2009), alcohol use is also linked to several potentially adverse
behaviors such as, pedestrian accidents (Ostrém & Eriksson, 2001), polysubstance use (Staines et
al., 2001), unsafe sex (Chersich & Rees, 2010; Staines et al., 2001), unwanted pregnancy (Rassool
& Villar-Luis, 2006), but also domestic violence (Begue et al.,, 2012; Curtis et al.,, 2019) criminal
behaviors (Dingwall, 2013) and drunk driving, which can lead to car/motorbike (Tulloh & Collopy,
1994).

Thailand has the highest total alcohol per capita consumption of the South East Asian
Region (SEAR) (WHO, 2018) and alcohol is considered to be responsible of 2.1% of yearly death
in Thailand (Nontarak et al., 2022). In addition, Thailand has the second highest HED rate in the
SEAR region with 42.8% of the respondents of the Smoking and Drinking Behavior Survey 2017
having such an episode yearly and 10.3% binge drinking one or several days per week
(Vichitkunakorn et al., 2021). HEDs, or binge drinking episodes, are linked nationwide to intimate
partner violence (Wichaidit & Assanangkornchai, 2020) and to lethal traffic injuries, especially
among the 15-24 years old age range, where alcohol is involved in a quarter of lethal traffic

injuries (WHO, 2019). Although 13.6% of the 15-19 years old and 33.5% of the 20-24 years old



Thai citizens are regularly consuming alcohol (Office, 2017), HED is more frequent among these
age ranges, especially among university students with national studies indicating that over 50% of
students engaged in HED (Assanangkornchai et al., 2009; Kitchua et al., 2012; Tonkuriman et al,,
2019). Understanding the reasons and patterns of alcohol usage and HED among the youth and
young adults is paramount to limit the adverse consequences linked to frequent and/or heavy
usage of alcohol for the future of the Thai society.

Over the past twenty years, numerous studies have investigated the prevalence and
patterns of alcohol use (Assanangkornchai et al, 2010, Chaveepojnkamjorn, 2012;
Chaveepojnkamjorn et al., 2009; Chaveepojnkamjorn & Pichainarong, 2011; Hongthong et al., 2012;
McNeil et al., 2016; Office, 2017; Pichainarong & Chaveepojnkamjorn, 2010; Saingam et al., 2012),
risk/protective  factors influencing drinking behavior (Assanangkornchai et al, 2018;
Assanangkornchai et al., 2010; Boonchooduang et al., 2017; Chaveepojnkamjorn & Pichainarong,
2010; Khondok et al., 2012; Luecha et al., 2020; Pengpid & Peltzer, 2012; Tantirangsee et al., 2014;
Tonpornkrang et al., 2015; Vantamay, 2012; Vantamay, 2009), attitudes toward alcohol (McNeil et
al., 2016; Siviroj et al., 2012), as well as the beliefs that youth associated to alcohol (Vantamay,
2009) among the Thai population. Most of these studies relied on large scale surveys and
expensive direct, human facilitated data collection. In the modern context, youth and young
adults are importantly exposed to social media and sometimes rely heavily on these media to
find information, which can, in turn, modify their perception and attitudes toward alcohol and
alcohol usage.

Analyzing data from social media could bring additional insights to the existing monitoring
systems: through their systematic review of combined usage of surveys and social media data
(SMD), Reveilhac et al. (2022), suggest that these two methods are generally combined to 1)
predict any forms of social opinions or political outcomes; 2) comparing data sources studying a
given social phenomenon; 3) using survey measures to design social media research; 4) enriching

survey results with SMD; 5) recruiting individuals on social media to conduct a targeted survey,



and; 6) generating new insights based on prior or “under-investigated” topics using SMD (Reveilhac
et al., 2022).

Despite the benefits of combining these two types of data, several discrepancies exist.
The main difference remains in the type of data collected: surveys are designed to answer
questions at hand, while social media-based research collects raw data that needs to be further
processed to answer a research question (Callegaro & Yang, 2018). Moreover, the type of
population studied varies as well: SMD are collected from individuals who have access to such
media and who are generally 18-49-year-old, female and tend to be more educated
(PewResearch, 2021), while surveys can specifically target a subtype or the general population.
Furthermore, SMD represent only data from users who are willing to publicly voice their opinion:
some social media users may not post about specific behaviors, while others might be very vocal
about similar behaviors creating imbalance in the representation of one particular attitude,
behavior or sentiment (Al Baghal et al.,, 2021). In the field of substance use, web-based self-
disclosures may possibly produce more accurate and valid reports of substance use behaviors
than conventional methods, where under-reporting and social desirability biases present
significant challenges (Richardson et al., 2003). Overall, combining both data would benefit
research as they cover different aspects of a same phenomenon: SMD being large, immediate,
inexpensive, able to reach hidden population and are easy to collect, while survey data being of
higher quality, well-structured, representing the general or a targeted population and
encompassing sociodemographic characteristics (Eck et al.,, 2021; Wang et al.,, 2018). Despite the
existing benefits inherent in combining these two methods and to the best of our knowledge,
there is no research trying to compare and contrast SMD to survey data, and potentially enriching
existing data, in the field of substance use in general, and alcohol/HED in particular.

The present research took the exploratory steps to assess the capacity to use social media
data (Twitter/X) to collect indirectly longitudinal alcohol-related data in Thai language. Collecting

information regarding alcohol-related behaviors, attitudes, knowledge and beliefs through this



type of media could provide timely additional data at a lower cost and potentially enrich existing
survey results. This type of research belongs to the field of infodemiology that can be defined,
according to Eysenbach, as "the study of the determinants and distribution of health information
and misinformation” (Eysenbach, 2002). More precisely, infodemiology is "the science of
distribution and determinants of information in an electronic medium, specifically the Internet,
or in a population, with the ultimate aim to inform public health and public policy." (Eysenbach,
2011). Because they harness Big Data to identify and monitor emergent health trends in a timely
manner (Beaunoyer et al,, 2017; Paul et al, 2016), infodemiologists tend to heavily rely on
computer sciences techniques such as Data Mining, Natural Language Processing or Machine
Learning. Correlatively, this branch of epidemiology has grown substantially since the advent of
the semantic web and the development of social media, and has been fruitfully applied to the
surveillance of influenza (Alessa & Faezipour, 2019; Nagar et al,, 2014; Pawelek et al,, 2014),
depression (Leis et al., 2019; Reavley & Pilkington, 2014), suicide (Jashinsky et al., 2014; Sueki,
2014), eating disorders (Beguerisse-Diaz et al., 2017; Cavazos-Rehg et al., 2019; Karami et al., 2018;
Lapinski, 2006) and diabetes (Beguerisse-Diaz et al., 2017; Karami et al., 2018). This approach has
also been used in the field of drug use, abuse and addiction with studies focusing on alcohol
(Cavazos-Rehg et al., 2015; Krauss et al,, 2017), tobacco and e-cigarettes (Zhan et al,, 2017),
stimulants (Hanson et al., 2013), opioids (Daniulaityte et al., 2015; Shutler et al., 2015), or drug
supply (Pinyopornpanish et al., 2018; Rosenbaum et al., 2012; Schmidt et al., 2011).

Although there is a large variety of social media platforms, Twitter/X is particularly useful
for substance abuse surveillance because Twitter/X data are publicly accessible and reflect
casual, unedited disclosures and communications from large numbers of people. At the time the
project started, Twitter/X grew to over 12.8 million active users in April 2022 (Kemp, 2022) and
was mostly used by the younger subpopulation (the average age of Twitter user in Thailand was

18.6 years old) (Insider Intelligence, 2022). Overall, this project mined Twitter/X data to



continuously capture opinion and health-related data as well as to identify risky behaviors in the
textual content of collected alcohol-related tweets.

To demonstrate the feasibility of this study, alcohol-related tweets were collected using
the X Application Programming Interface (API) with several "search terms" for sixteen days from
the 29th of June 2022 to the 16th of July 2022 (retweets were filtered out). 557,064 tweets that
contained the entity “alcohol” and some of the commonly used terms, slang terms and hashtags
associated to alcohol and drunkenness (e.g., "Wan, 'aumé’ﬁ wAnan', Wes), ‘amﬁﬂi‘ wantdes', 1l
'?\Iﬂ’sﬁ', 'ﬂﬂ?}lm', 'Gﬁmﬁ’l %Lm', T, Wa’, N’ were collected and stored. Out of that number,
241,279 (43.3%) contained geolocation information. Depending on the search terms, extracted
tweets were relevant to health research as they depicted intentions as well as actual behaviors,
attitudes and knowledge regarding alcohol (e.g., “10%usniinunAmdandiedluiouniiulies 3w
duauBuiiy 5555555” or “auNAUMAITINY Wiv” or “iAf18y eenAumdiands” or “nuisnn i@n
wianunlaeiindilsaz”) and HED (e.q., “ flofuvilouan Ands azfdesloanun” or “ueds Wnazdes
Fusnvelneynauiivgainyaarudusues senmilslald Tedunudasduwuutosus” or “un
I ﬁa%zﬁu”). This preliminary exploration confirmed that Twitter/X data contained large

volumes of relevant information for alcohol research in Thailand.

F. Main Objectives and Outcomes:

This project developed an exploratory platform to process real-time social media data
(Twitter/X) and semi-automated information extraction about beliefs, knowledge, attitudes and
harms related to alcohol consumption. The specific Research Objective of this exploratory
research was therefore to describe the behaviors, sentiments, attitude, and knowledge on alcohol

consumption in Thai tweets.

G. Method:

1. Data collection



Twitter (now X) is a micro-blogging service provider and social network platform that was

launched in 2006. X reported 330 million monthly active users generating over 700 million tweets

per day (https://www.internetlivestats.com/twitter-statistics/#trend) at the time this research was
submitted to the granter.

Tweets are limited to no more than 280 characters and thus contain very brief information.
However, because of the large volume of data generated by Twitter users, analysis of tweets can
provide valuable population level metrics as well as geolocation of Twitter users. Tweets were
collected continuously via the Twitter’s streaming APl using the "tweepy" Python library based on
twelve generic search terms (i.e., 'uwd, wanwid, fandes uandes, Tl fulad, dhiw, i
gziJij', UL, WEaT, b, 'L‘ﬁsﬁ', "wa1). Tweet unique ID, timestamp, location, text and Twitter/X
user unique “screen name” were collected and stored.

Despite being able to collect tweets as intended at the beginning of the project, data
collection was stopped earlier than expected following several changes in Twitter/X policies.
Twitter developers with “Academic” account access were originally able to retroactively mine up
to 10 million tweets per month. However, this type of access was revoked on the 23th of May
2023 and turn into a “Unlimited” account access, allowing the researcher to collect a sample of
tweets of interest daily. This type of account was then terminated on the 12" of July 2023 and
change to “Basic” account allowing the monthly mining of 1,500 tweets. This last change negated
the ability to continue data collection as initially intended and the data collection was stopped
on that date.

2. Data curation

Text from collected tweets were further curated using a combination of the nltk and
pythainlp Natural Language Processing (NLP) Python libraries. To palliate the ambiguity regarding
the term “alcohol,” which can also be employed as a cleaning agent, we developed a supervised

machine learning algorithm that automatically categorized tweets based on their relevance,
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limiting the impact of amphibolic terms on the data analysis. The supervised ML was trained
based on the qualitative content analysis coding results (See 3).
3. Qualitative content analysis

Qualitative content analysis is designed to analyze and group data into topics/themes
generated inductively. In other words, themes and categories emerge from the raw data examine
by a team of researchers constantly comparing and contrasting their interpretation of the raw
data. Data can be texts, images, videos or recordings. Qualitative content analysis generally
followed a seven-steps process:

1) formulate the research questions;

2) select a sample to be analyzed;

3) define categories/themes to be applied;

4) generate a coding scheme outlining the coding rules;

5) implement the coding process;

6) determine intercoder reliability, and;

7) analyze the outputs inherent to the coding process (Kaid, 1989).

Steps 1 and 2 were described previously (see E). The coding scheme (Steps 3-5) was
developed by reading and re-reading a subsample of tweets. This subset was then used to explore
meanings, discuss discrepancies and develop and refine the coding rules. The inductive approach
in qualitative coding, which is also referred to as "open coding" (Straus & Corbin, 1990) and moves
from the specific to the general (bottom-up approach) and allows examination of phenomena
within their own context rather than from a predetermined conceptual basis. Step 6 was
implemented by calculating the Krippendorff's Alpha coefficient (Krippendorff, 2004; Neuendorf,
2009). Krippendorff’s Alpha score of 0.60-0.80 indicates moderate and above 0.8 indicates
substantial agreement. Themes with score below 0.7 were redefined and retested to insure the
cohesion of coder results.

4. Sentiment Machine Learning Classifier

11



Sentiment analysis is the computational study of opinions, sentiments and emotions
expressed in text. Sentiment analysis helps convey information about the attitudes and opinions
of alcohol users towards alcohol, drunkenness and other relevant issues (e.g., alcohol in society,
alcoholism). Sentiment analysis consists of two main aspects: 1) identifying generic "sentiment”
expressions based on a polarity "gsood/bad" and 2) identifying these expressions with their
subjects. Sentiment analysis relies on Natural Language Processing (NLP) and ML to automatically
identify and extract positive, negative, or neutral attitudes associated to some topics. Although,
ML has been widely used in consumer research, its application in public health is still emerging
(Kursuncu et al., 2019) with some research concerning alcohol on Twitter using such technique
(Hasan et al., 2018). A supervised multi-class Machine Learning algorithm was developed using
the "scikit learn" Python library to classify sentiment in tweets as negative, neutral or positive. The
results from the content qualitative analysis data was used to create training datasets. We initially
aimed at developing balanced datasets (e.g., 2,500 positive tweets, 2,500 negative tweets and
2,500 neutral tweets), but the sample used to train the classifier algorithms did not contain
sufficient numbers of each category of tweets to be balanced (more in H.4.c). Similarly, the type
of tweet sources (i.e., personal communication, news from traditional media, or advertisement
for alcohol) was classified by a dedicated supervised ML classifier. This classification allowed
reducing the "noise" created by traditional media (e.g., TV channel, newspaper) when tweeting
news about recent events and limit the analysis to tweets sent by individuals.

Sentiment and source classifier performances were assessed using precision, recall and F-
score (Powers, 2011) indicators. Precision is defined as the number of correctly classified positive
examples divided by the number of examples labeled by the system as positive. Recall is defined
as the number of correctly classified positive examples divided by the number of positive
examples in the manually coded data. F-score is a weighted average of precision and recall
measures.

5. Temporal patterns of alcohol-related tweets

12



Tweet metadata concerning time, date, and geographical location (when available) were
collected. Frequency of alcohol-related tweets over time were calculated with an emphasis on
the precise day and time within each week to degenerate temporal heatmaps of alcohol-related
tweeting activity. Tweets coded as Negative were retroactively identified to create separate
temporal heatmaps (see Figure 1 for an example) in order to identify when do Thai Twitter users

post negative tweets about alcohol.

Facebook Global Engagement sproutsocial

Mon
Tues
Wed
Thurs
Fri

Sun

2 1 2 3 4 6 6 7 8 910 11121 2 3 4 5 6 7 8 9 001
AM PM

Lowest Engagement Highest Engagement
Figure 1. Example of a temporal heatmap based on Facebook engagement

(Source: sproutsocial)

The overall architecture of the project is presented in Figure 2:

13



Data Mining Data Processing Data Analysis Results
Twitter API

(Python Manual Content analysis:

MBEPY) Coding Scheme

Deata Curation Intercoder Reliability TermS frequency

Statistical Analysis

and Filtering HED
y - (Natural 2
Sentiment

Language

: -
rocessing) Computational analysis: Att'tUde
Metadata analysis Temporal Heatmaps

Term frequency analysis
Sentiment and Source

earch Terms: .
A Classification and Analysis
wed ifluf, Raubud
waniluf Il
Figure 2. Project Overall Architecture
H. Results

The research protocol was considered as exempt by the Mahidol University Social Sciences
IRB (MUSSIRB) (Certificate 2022/019.1912). The certificate of exemption can be found in Annex 2.
Data collection started after obtention of the IRB clearance on the 1% of January 2023.

Despite the challenges linked to changes in Twitter/X policies (see G.1), 12,065,726 tweets
were collected between 01/01/2023 and 12/07/2023 based on the search terms set at the
beginning of the project. After data curation and filtering of duplicated tweets, the final dataset
equaled 10,888,196 tweets. The results from the manual and computational analysis are

presented below.

1. Manual Qualitative Content Analysis: Creating the codebook.
The initial stage of the qualitative content analysis consisted in having the three Thai native

speakers reading individually 1,000 different random tweets for them to identify potential
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emerging topics. Then, the coding scheme was inductively developed and codes were created
based on a consensual agreement among the three coders (see G.3). Second, a sub-sample of
500 similar tweets was coded by all three coders to evaluate the reliability of the coding scheme
rules (see below). Third, each coder manually coded 5,000 distinct tweets from the random
sample of 15,000 tweets using the developed coding scheme (see Annex 1). The coding scheme
included the following codes:

1) AUl tweets that were not directly related to alcohol were coded Irrelevant (e.g.,
“ UlUAUINAYTILNES”);

2) The team of coders initially differentiated four types of tweet sources: “News:”
media tweets encompassed all news-related tweets, including retweets of news stories,
political debates, scientific study results, and other reports (e.g., “fueld 9 uuJedadeudedu
mausalyl Unstdufusmuiu 10 U Feasnudweudamandssts vdanews liuil seuoud

M579U1Te #lnesgeaulatl https:/t.co/8CybOGriS6”) (see also 6.); tweets that promote the

sales of alcohol or events/restaurants with promotion on alcohol were categorized as “Ads”
(see also 4.); tweets categorized as “Pornography-related” had to contain a mention of
alcohol/drunkenness associated with a sexual act, plus a link to a book, videos or pictures
(e.g, “AUil.deneundutuiiriasny Weurluguedudlugdueviniivaodmuning,
uifteu 3 naw LaeRsgroonindusn WAufuidssnansjiuneslesla’) as fuowisviuite
pglslily  mufeeduiaudsas. @eouy)  https/t.co/bUuRDGWE7”);  and  “Personal
communication” were tweets posted by Twitter users providing their opinions on alcohol,
describing experiences of consumption, intention of use, or asking questions regarding alcohol

1 %

(e.g, “lawaduianues Aeldyuiulilivilswezeyay wWnufednl wenndu2 wenaineeuwn

3

}% 1w

Lildnuiuay 399 wdn winneduay Naodufd AuaUNLALEBIUNUS55555555555”). Due to their
very limited number, “News” and “Ads” tweets were combined with “Irrelevant” tweets to

allow for the calculation of the reliability test;
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3) Tweets categorized as Personal Communications were further coded by associated
sentiment: Positive (e.g., “udy llan”), Neutral (e.g,, “ndriull Seweves #anauss #
anaumsiinign #01us19”) and Negative (e.g., “Weunindsiines wie”);

4) The social meanings contained in the Personal Communications tweets and
associated to alcohol by X users were also coded. Four main meanings were inductively
discovered during the discussions between the three coders and the PI: alcohol for socializing
or cope with problems (e.g., “#WaWinw  Sosliinaugaving mouNEeAufuou”); self-

identification through alcohol user or alcohol brand (e.g., “s1 Limglian”); belonging to a

I =]

group and share its identity (e.g., “GOT7 fiuley sosuanaudeiign NusARALAIALITINUAIEY
< [y o M v 1 a a PP 1 35 a 1w 1 1
wdrdudnlulamszindsunn Alaveunuldizoguaniu wnegnuenddedliun  wusiuulyl
1 Adl =1 s d‘ v 1 v 96’ % 1 %) = a
ﬂaamﬂ%gﬂjamwi ﬂﬂammﬂs@lmLmaiﬂmﬂmuaﬂuﬂa‘umaﬂLa‘EJ ﬁluaawaﬂmmnd%gmam
\J8$)”); and, stigmatization of alcohol drinkers/abusers (e.g., “®¥119nws @NUUNIATT”);
4) During the initial discussion and based on the first 1000 tweets each coder read to
obtain a sense of the alcohol-related tweets, two forms of advertisement were found: the

a a YooY

first type are advertisements about alcohol (e.g., “qwm%ulwa UL 58 U Ansiauduly

¥
e 1 Y

13995V LavnSHedieIasAMYeY #31Useuvu #PLAYREAD dUanvilivnie
z:l' v a v @M 1 a6 =2 dl' ] v & z:l' a

Seamnamaedilailiun 91 #ainlafd fauuvueain Mnsesduluntidaeulenisiuniwes
rszGdUEJu”), the second are advertisements not directly promoting alcohol, but rather promoting

a restaurant “Happy hours” with mentions of the possibility to get drunk (e.g., “ldfiiNouniu
P A A =, 1 1 v Y Ay Y (J Y
WisunuLiowaUlnmiisnsulavieunniulauzay DM #U_Uanmsiloing #aned #oau

oy #ayvsanas #uAsUsU  #anunsiu #UWAA #uwe #dnee  #Reeuends  #Svia

https://t.co/tSYpHNZJf7);

5) Tweets mentioning health-related consequences linked to alcohol consumption

were also coded by differencing those that happened to others (e.g., “NNNVAGR! #EIPLTUL

Cj’ https://t.co/AAtOOR80oK”) from those that happened to one-self (e.g., “Fownalilanu

I3 va ] A a ! a P a X | "
weanegeanelinuarniIuvieiu wiagnfenauieenimdeddn”);
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6) News tweets were further divided into a) information from newspaper, TV channel

or Internet websites (e.g., “ 3 ifoulaidtal fwsgemudngnliszozimvuduioadls vuundamas
W@e9as dausuAuNtINU 81use https://t.co/INIW1VHIC”) and b) information aiming at sharing
some knowledge (true or false) regarding alcohol and its consumption (e.g., “ﬁuﬁmzuni’ju
annsaufonnsundly s3ede? wae : lisse wiudennisundnsldlnenisauindreduiuuauas
1hils wighiuudlaianfesAuds 1Wipadu #myftesu3en”). The final “code book” is presented
in Annex 1.

Figure 3 provides a visual representation of the data flow linked to the manual content

analysis.

Data collection (Twitter API): 12,065,726 tweets

Filtered Duplicates: 10,888,196 tweets

Exploratory Reliability
sample: Test: 500
1000 tweets tweets

Random sample of 15,000
tweets

Random Random Random
sample tweets sample tweets sample tweets
1-5000 S001-10000 10001-15000

Coder #1 Coder #2 Coder #3

Figure 3. Qualitative Content Analysis Dataflow

2. Manual Qualitative Content Analysis: Intercoder reliability agreement results
The Krippendorff’s Alpha (KA) intercoder reliability assessment of the random sample of 500
tweets show substantial agreement for “Category” (Percentage Agreement 93.2%, KA 0.90) and

moderate (high) agreement for “Sentiment” (Percentage Agreement 88.4%, KA 0.78) codes. There
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were not enough tweets for the other codes in the 500 tweets to run a reliability test. We have

therefore limited our analysis to tweets that fell under the Category and Sentiment codes.

3. Manual Qualitative Content Analysis: Results
“Personal Communications” (PC) represented 49.1% of the 15,000 random sample of

tweets (n=7,368), 15.3% (n=2,296) were “Pornography-related” and 35.6% (n=>5,336) Irrelevant.
Concerning the sentiment of PC tweets, 81.1% were coded as Neutral (n=5,979), 4.9% (n=359) as
Positive and 14.0% (n=1,030) as Negative. The open coding (see G.3) of both Negative and Positive
tweets was then achieved by the three coders.

The open coding of PC tweets labeled as Positive revealed five main themes:

1) Alcohol makes persons appear relax and displaying amusing/charming behaviors while

inebriated;

2) Alcohol boost self-confidence or boldness (e.g., improved sense of humor/ being more

sociable/be outgoing);

3) Alcohol provides some emotional/psychological benefits (e.g., more relax, help to relieve

stress, increase happiness);

4) Alcohol improves sexual experience/performance;

5) Alcohol is linked to a sense of reward and pleasure (e.g., reward after hard day of work,

drink with friends after work) (examples are displayed in Table 1).

Table 1. Themes emerging from Personal Communication tweets coded as Positive

Themes Examples

1) Perceived benefit observed on

others - dnamluinnudiingimid niluginnfenadue
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2) Boost in self-confidence or

boldness

- asUfaLinduaInkun WkdmauAsens AgFeaniite Tasun

o 14 U

Ving WAEMEY AosaRuINABBAtUNMLA Wa3 fluent avez

3) Perceived psychological

benefits

- gauaulad egranudaumlruiviessls insisnuuAand

auguilanu loianusseniefine

4) Improved sexual experiences

- videdn 1l Tufianies faveumsuuuiiugmios sououmIL

Y o ¥
2YINDUNAYAIIBNTBUNY @

5) Sense of reward and pleasure

1Y

- dAAe MAEUNe 9 LAUAUN WaBYULAILAY 55555 YBUUN
HnsnwluanIunaumn

- Wounlumau aynuinnnnannn wuuunnnnn leniasdn

A wanhseamasluneufuas 55555555555

q

Four main themes appeared from the open coding of Personal Communication tweets labeled

as Negative:

1) Difficulties in handling drunk persons (e.g., fight, unpredictable behavior);

2) Drunkenness caused undesirable behaviors a) to others: violence, rudeness, aggressiveness,

burden placed on others and b) to oneself: losing belongings, fall, shameful or embarrassing

behaviors;

3) Health-related problems: a) Physical: i.e., hangovers, vomiting, headaches, muscle pain and

b) Mental: i.e., feeling depressed, dysphoria, anxiety;

4) Accidents — posts regarding car accidents linked to alcohol consumption (examples are

displayed in Table 2).

Table 2. Themes emerging from Personal Communication tweets coded as Negative

Themes

Examples

1) Difficulty in handling drunk persons

- DYUNIMAINTUIUE NANITIULONNNN

2) Drunkenness causing undesirable behaviors
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a. to others: violence, rudeness,

aggressiveness, burden placed on

others

- nlansazldvauawianuiuaiunnuindesds aangn
UNLasTume
- DA quEALTe JUDAULNNALABEANUUTY NI91N

Ay N lALAY AR

b. to self: personal regrets such as
losing belongings, having shameful or

embarrassing behaviors

- Fremenateay Nhinewnvwiailiinneu noeeulewy

3) Health-related problems

a. Physical - hangovers, vomiting,

headaches, muscle pain

[y

9AUDE I LEINIRDANY

Y

- 9199998 AUI18ARTI WATnAN

Cafle

1% a v o v A = |
YNAUUINVINILLIATIUDU LaUQIWLaUQ N1AUVINUILAND

woundueglaiiduls https://t.co/JD2ZIwWkFR

P av o a P A« a v -~ '
- yasflunitldvoungnfailes uaniilsvinsdnnaon Ly
YU

a A P A € P P Y A A & a v
- LLANALLMAT tTESUITULUNLAIADLN DY LI DAUNLAIWA

LNUAANNTURDUT Tl WAIAU

b. Psychological - feeling depressed,

dysphoria after drinking

- nwansesliantaldnug 5555555

4) Car accidents

- 1I5RE 5098RRYMINUNUIANALLNINYUINENBUF 2

The results of the open coding are not surprising: Twitter users posting about alcohol in Thai

Language expressed well-known physiological and psychological effects linked to the

consumption of ethanol and potential negative consequences linked to these effects. Alcohol,

or more precisely ethanol, is a depressant-type psychoactive substance affecting five main

neurotransmitter actions. Ethanol is an agonist of Dopamine, Endorphin, Serotonin and Gamma-

aminobutyric acid (GABA) and an antagonist of glutamate (Koob & LeMoal, 2001). In other words,

ethanol through its action on dopamine and serotonin provides a sensation of euphoria and
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increases self-confidence (dopamine) as well as enhances social behaviors (serotonin), while
reducing stress (GABA), pain (Endorphin) and inducing a feeling of relaxation (agonist action on
GABA and antagonist action on glutamate). These physiological effects are described in the
Positive tweets.

As an imbalance in the two main inhibitory/excitatory neurotransmitters (excess of GABA due
to the agonist action and reduction of glutamate linked to the antagonist action), individuals who
have consumed large quantity of alcohol tend to have reduced cognitive and motor functions,
which is expressed in the tweets describing car/pedestrian accidents and the difficulty to handle
inebriated individuals. In addition, when the action of ethanol start to wear off, the inverse
neurophysiological actions emerge: hangover (linked to dehydration, but also to the release of
large quantity of glutamate), antisocial behaviors (rudeness, brawl, violent behaviors) and a feeling
of dysphoria linked to the depletion of the dopamine neuroreceptors.

Because the numbers of tweets coded as Positive or Negative were small, there are most
certainly other themes that the coders were unable to uncover. The coding of an additional

number of tweets could help to discover additional themes in the non-neutral PC tweets.

4. Computational Data Analysis Results
a. Supervised Machine Learning algorithm f-score.

Based on the coding of the Qualitative Content Analysis, three standard supervised
Machine Learning (ML) algorithms were tested before the automated coding of the full 10,888,196
million tweets dataset: Naive Bayesian (NB), K-Nearest Neighbor (KNN), Support Vector Machine
(SVM). The accuracy (fl1-score) of these three MLs were: NB = 0.73; KNN = 0.69; SVM = 0.79. The
same three standard ML algorithms were also tested to classify PC tweets per sentiment (f1-score
NB = 0.81; KNN = 0.72; SVM = 0.83). A f1-score of 0.8 or above is considered to be good, therefore,
we selected the SVM algorithms to categorized both complete datasets.

b. Category-labeling results
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The full dataset was then labeled using the trained SVM algorithm: 53.4%
(5,817,855/10,888,196) of tweets were coded as PC, 14.7% (1,599,041/10,888,196) as
“Pornography-related” and 31.9% (3,471,300/10,888,196) as Irrelevant. These results are relatively
similar to the manual categorization produced during the qualitative content analysis (see H.3).
c. Sentiment analysis results.

An SVM supervised ML algorithm was also run to label tweets per sentiment. 97.8% of
these tweets were coded a Neutral, 1.4% as Negative and 0.8% as Positive. These results are not
in line with the results of the manual coding (see H.3).

This can be explained by the fact that the precision scores of the sentiment SVM classifier
for the Positive and Negative tweets were maximal (1.00) compared to their recall scores (0.06
and 0.08 respectively). These high precision, but low recall scores tend to indicate that the results
of the sentiment classification were very accurate (very few False Positive i.e., tweets wrongly
labeled) but that the quantity of tweets classified as Positive and Negative were very limited
(hence the low recall score). This is a direct consequence of the unbalanced dataset that was
used to train the sentiment SVM algorithm: only 4.9% (n=359) of the tweets contained in the
training dataset were coded as Positive and 14.0% (n=1,030) as Negative tweets. A balanced
dataset (i.e., the training dataset contains an equal number of items for all categories) would most
likely provide better results and increase the number of tweets labeled correctly. In future works
focusing on social media data, a larger number of posts needs to be manually coded to establish
a balanced dataset for sentiment analysis.

d. Terms frequency analysis

A standard Term Frequency analysis was then run to isolate the 30 most frequent words
in both Negative and Positive tweets labeled by the SVM algorithm.

The whole corpus of 94,493 tweets labeled as Negative Personal communication tweets
contained 2,371,858 words in total (11,909 unique words). The most common 30 terms are

presented in Table 3:
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Table 3. Most common words in tweets labeled as Negative

Terms Translation Count %Corpus
L drunk 83,981 3.5%
AU person 77,454 32.3%
Au eat 60,161 2.5%
A good 59,068 2.5%
LA alcohol 54,296 2.3%
FLDY myself 50,272 2.1%
rl know 45,913 1.9%
U drive 44,391 1.9%
Sutinvou be responsible 39,081 1.6%
N father 35,589 1.5%
i damn 32,683 1.4%
| like this 31,121 1.3%
an child 30,266 1.3%
ad uncle 28,873 1.2%
anvy son 28,820 1.2%
91U read 27,274 1.1%
LA He 26,461 1.1%
U1 house 25,848 1.1%
) meet 25,245 1.1%
DY Ahl 25,165 1.1%
JUNTE dangerous 24,496 1.0%
) Chi 23,808 1.0%
TiAysh honor 23,715 1.0%
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N3 swagger 23,696 1.0%
GF Eh! 23,693 1.0%
DRHON singer 23,692 1.0%
3 mold 23,686 1.0%
Tl Is that right? 23,667 1.0%
B crash 23,608 1.0%
871730 weapons 23,446 1.0%

Several of the most common terms are directly related to potential harmful events such

as “fu,” “dunse,” “¥y,” or “816.”

The whole corpus of 50,592 tweets labeled as Positive contained 728,790 words in total
(8,466 unique words in total). The most common 30 terms are presented in Table 4:

Table 4. Most common words in tweets labeled as Positive

Terms Translation Count %Corpus
1150 cute 55,390 7.6%
b3l drunk 47,208 6.5%
i elder sibling 15,716 2.2%
AU section 11,741 1.6%
GE talk 10,361 1.4%
13 sibling 10,056 1.4%
Jes beer 9,508 1.3%
%9U like 9,368 1.3%

24



AU person 7,908 1.1%
304 subject 7,607 1.0%
YUR size 7,251 1.0%
% tea 6,569 0.9%
DU beg 6,412 0.9%
BN reserve 6,392 0.9%
I bottle 6,285 0.9%
oY Ah! 5,979 0.8%
14 wear 5,941 0.8%
N confused 5,824 0.8%
au Me 5,816 0.8%
A.0. ke 5,798 0.8%
Wwas number 5712 0.8%
U, wnzlay | court 5,630 0.8%
Fodu blatant 5,597 0.8%
Undieaslan | stag (party) 5,588 0.8%
913 R 5,576 0.8%
&un fun 5,362 0.7%
Ay drink 5,339 0.7%
PR be happy 5,321 0.7%
N loop 5,248 0.7%
A good 5,223 0.7%

A large number of the most frequent words are positive terms in conjunction to alcohol
such as “U13n,” “veu,” “aun,” “UAuay,” or “A@”.

e. Temporal heatmaps of Personal Communication tweets
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Based on the results of the supervised machine learning tweets categorization, a temporal
heatmap of the Personal Communication was generated using the catplot Python library (Figure
4). Importantly, we did not included tweets collected after the 23 of May 2023 to prevent
misrepresentation of the data, considering the limited number of tweets we were able to collect

after that date (see F.1).
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Figure 4. Temporal Heatmap of Personal Communication tweets per day and month

The 7™ of April 2023 was the day where the maximum number of tweets labeled as PC
were posted. This day corresponded to the first Friday before Songkran break and the celebration

that unfold during the next 10 days.

f.  Temporal heatmaps of Negative Personal Communication tweets
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Similarly, the results from the supervised machine learning aiming at categorizing tweets

per sentiment were used to design a temporal heatmap of tweets labeled as Negative (Figure 5).
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Figure 5. Temporal Heatmap of Negative Personal Communication tweets per day

and month

Interestingly, a larger than usual number of negative tweets were posted on the 1° of

January and the 5™ of February 2023. The first date being the day following New Year Eve, the

second date was linked to an uproar of the X community when a drunk man climbed on stage

of K-pop concert: “wa3 61 3 8195 4 v le oz las 92 SuRaveu  dussie wn vilu 1A Fed 10

& v Y < 1Y v o | Y a a 1A I
b9 8315 WUUY AU 499 UNT99 WU @315 U MuA way A1 0 MAAESA 1 11] 1 a8 oy

N3 A A ey 91 Uu Az #8y 3 5109

W7 a7

A second temporal heatmap based on the negative tweets was generated to investigate

the day of the week and hour of the day, negative tweets about alcohol were the most frequently

posted (Figure 6).
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Figure 6. Temporal Heatmap of Negative tweets per weekday and hour

Most negative tweets were posted on Saturday (from 16:00 to midnight). The lowest
number of negative tweets were posted during the night (01:00 to 06:00) on Monday but also on
Thursday evening and Friday. It appears that Twitter/X users tweeting about negative events linked
to alcohol are tweeting about events they witnessed/experienced after their Friday night or during
their Saturday evening. This explanation requires, nevertheless, additional information to be
validated: interviews with social media users who post about alcohol would most likely accurately
explain this phenomenon.

g. Temporal heatmaps of Positive Personal Communication tweets

In comparison, Personal communication tweets labeled as Positive were more likely to be

posted on Sunday, Monday and Thursday evenings (19:00 to 22:00) and more rarely on Saturday

(Figure 7).
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Figure 7. Temporal Heatmap of Positive tweets per weekday and hour

I. Discussion

The main objective of this study was to describe the behaviors, sentiments, attitude, and
knowledge on alcohol consumption extracted from Thai tweets collected from the 01/01/2023
to the 12/07/2023. Qualitative content analysis and computational techniques were combined to
analyze the 10,888,196 unique tweets collected until Twitter/X revoked the ability of researchers
to use their API. The main results of this research are:

1) Only one alcohol-related prevention tweets was found in the Qualitative Content Analysis
of 15,000 tweets;
2) Personal communication tweets that were not coded as Neutral were more likely to be

Negative suggesting a rather negative attitude of Twitter/X users who posted about alcohol

over the study period;
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3) The perceptions, alcohol-associated functions, negative consequences and representation
concerning alcohol found in the Personal Communication tweets coded as positive and
negative were in line with the literature;

4) Collected tweets do contain mentions of negative events and consequences of HED with
“drive” one of the most frequent terms associated to tweets labeled as Negative;

5) Negative tweets were more likely to be posted on Saturday evening (16:00-22:00) rather
than any other days and hours of the week;

6) Social media data analysis could provide additional data (e.g., opinions, attitudes, and new
trends) and should be used as complementary sources of information to traditional data

collection tools such as annual household surveys.

Unfortunately, the type of information collected through Twitter/X (and most, if not all
social media) cannot be compared to data collected through more traditional methods such as
a national household survey (for example the 2021 Health Behavior of Population survey) due to
the following reasons.

First, surveys such as the Health Behavior of Population survey focused on a representative
sample of the Thai general population, while the present study collected information from a very
specific subset of the Thai population, i.e., Thais who use and have access to Internet, more
specifically who use social media, more specifically Twitter/X, who are active Twitter/X users, who
made their tweets public, and who tweeted about alcohol. In other words, the present study
provides results extracted from tweets that were produced by a fraction of the general population
and cannot be considered as representative of the general population, greatly limiting the
possibility for comparison with the Health Behavior of Population survey results.

Second, social media data, especially Twitter/X, do rarely display sociodemographic variables,
limiting the possibility to compare social media data with epidemiologic survey results. It is

possible to evaluate the gender and age range of social media users through a series of algorithms
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trained to analyze and categorize textual patterns. However, such results are, to the best,
approximations and would require to collect a very large number of posts that can be linked to
a profile with gender and age information in order to reliably train machine learning models.

Third, regarding the consumption of alcohol, there is no indication regarding the frequency
nor the quantity of alcohol consumed by the Twitter/X users who have tweeted about alcohol
during the data collection period.

Fourth, concerning sentiment, while the results of this research suggest that a majority of non-
neutral Personal communication tweets were negative, the Health Behavior of Population survey
does not contain reference to sentiment regarding alcohol.

Fifth, and in line with the previous point, Twitter/X users who have tweeted negatively about
alcohol, might also enjoy drinking on a more or less regular basis: reacting negatively to an event
or a social news, does not represent an overall indicator of negative attitude toward an object or
idea.

Sixth, while the present research was able to collect tweets that contains expression(s) and
word(s) related to HED (e.g., drunk, too much drinks), it is impossible to verify that the X users
tweeting about being drunk were indeed inebriated and that they drank 6 or more standard
alcoholic beverages in a single occasion over the last 30 days. Nevertheless, this type of limitations

also applies to more standard data collection tools.

J. Suggestions/Future Research/Policy Proposals

The main aim of this exploratory research was to describe the behaviors, sentiments,
attitude, and knowledge related to alcohol consumption in Thai tweets. Three main suggestions
can be drawn from the current findings.

First, social media are widely utilized by the younger section of the Thai population and
represent an important channel to disseminate prevention messages regarding a variety of health

risky behaviors. Among the 15,000 tweets that were manually coded only one tweet was classified
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as bearing a prevention message, which represents a missed opportunity. Our study has also
mapped the temporal alcohol-related tweets activities in terms of moment of the year, day of
the week and hours of the day users are more likely to communicate about alcohol through
Twitter/X. This type of results can be further used to disseminate adequate health prevention
messages at the right time to social media users using X, Facebook or TikTok through
advertisement campaigns.

Second, due to the impossibility to obtain data for free from Twitter/X (plus the fact that
Twitter/X is rapidly losing audience), we recommend to utilize other social media for future
research. After discussion with the panel, TikTok seems to be a more viable option: a qualitative
content analysis of videos related to alcohol combined with an analysis of the metadata of
watched videos would provide substantial understanding of the messages shared by influencers
and the beliefs about alcohol expressed online. At least one study conducted by Russell and
colleagues (2021) in the United States has shown promising results (Russell et al., 2021).

Third, in order to accurately understand the sociodemographic differences between the
social media user subpopulation and the general population, an online survey targeting social
media users should be conducted. Such a survey would not only help to grasp the differences
between the social media user subpopulation and the general population, but it would also offer
the possibility to assess how social media usage and exposure impact alcohol usage, beliefs,

knowledge and practices.

K. Challenges and Limitations

As just mentioned, Twitter/X drastic changes in data collection policy has negated our
ability to mine tweets for the whole duration of the project. Twitter/X does not appear as a viable
data source for social sciences and epidemiological research anymore.

This exploratory study aimed at testing if social media could provide additional

information regarding alcohol use and HED among the youth. Despite the fact that social media
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are most likely to be use by the younger portion of the population, this study cannot ascertain
the age range of any of the Twitter/X users who posted about alcohol.

In addition, this study suffers from limitations mostly inherent to the field of Social Media Data
analysis. First, social media users might only post about the positive aspects of their daily routine,
underreport negative behaviors or refrain to express opinions that are considered socially
undesirable attitudes (Althubaiti, 2016). Second, social media research solely collects data from
digital media. This implies that data are collected only from the subpopulation who has access
to Internet and is using social media, introducing a selection bias (Olteanu et al., 2019). Third, data
collection was limited to tweets written in the Thai Language, which does not guarantee that all
collected tweets were posted from within the Kingdom of Thailand. Fourth, our exploratory study
did not cover a full year period and is subject to seasonality linked for example to Songkran

festival.
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M. Annexes

Annex 1. Qualitative Content Analysis Coding scheme

Theme Category Label Explanation feSuneLiuAy

Tweets contains terms

implying alcohol drinking but
cannot be judged whether it
is positive or negative, show | If you are not sure about the

no emotion towards alcohol | feeling/emotions (ambiguous) code

Al.1 Neutral drinking as neutral

Tweets implying good effects
or advantages of alcohol

Al.2 Positive drinking

a4



Al.3 Negative

A2. Social meaning

A2.1 Use of alcohol for

socialization or cope with

problems

A2.2 Self-identification

Tweets implying bad effects
of alcohol drinking or
showing bad feelings about

alcohol drinking

Tweets showing the roles of

alcohol drinking

Tweets contains the reason
to drink alcohol and/or

drinking peers/occasion

Tweets showing self-
identification of the poster/

characteristics of drinkers

a5

It can be either solitary drinking or
social drinking, showing alc. is used

for a purpose

Implies social identity/ social
meaning of alcohol (e.q., beer or

badass, wine for high-so)
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A2.3 Group membership/

identity

A2.4 Social stigma

B. Advertisement

B1. Commercial ads

B2. Place or events

Tweets mentioning exposure
to or imitation of alcohol
consumption by idols, k-pop,

actors, etc.

Tweets showing attitudes
towards persons who drink
alcohol

Tweets from
sellers/promoters of alcohol
or alcohol-related
places/events
Advertisement of products
contains alcohol content
Advertisement of places or
events that potentially serve

alcoholic drinks

a6

Those expressing support or

affection of and idol that result in

alcohol drinking

Contain blaming or labelling

drinking person/behavior

Include brand or producer name

Also include tweets with positive

comments about the places
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C. News

D. Health-related

content

E. Alcohol and sex

C1. News

C2. Knowledge sharing

D1. Observed/ known

experiences from others

D2. Self-experiences

News related to alcohol
(could be adverse events
(accidents, crimes) or
investments, etc.

Tweets aiming to share
information and knowledge

about alcohol

Effects of alcohol on physical
and mental health as
observed from the others
Effects of alcohol on physical
and mental health as
experienced by the poster

him/herself

ar

Messages that looks news format or

headlines

Documentary or short knowledge

messages/tips

Sign, symptoms, effects, impacts
occurs as a (direct/indirect) result

of alcohol drinking

Sign, symptoms, effects, impacts
occurs as a (direct/indirect) result

of alcohol drinking



F. Irrelevant

El. Use of alcohol with sexual

activities

E2. Advertisement of porn

videos/clips

1) The message does not
contain the terms related to
alcohol/drinking/state of

drunkenness at all

2) The message contains
relevant terms but implies
something other than alcohol

drinking

Tweets mention sex
experience with the use of
alcohol

Introduction or persuasion of
buying sexual-related
contents that involve alcohol

drinking/intoxication

Could be other types of
drugs, behaviors, or just a

metaphor

a8

Self-experience or observed
experience, prostitution, risky

behaviors

Tweets sharing links to
clips/video/movies/novels (fictions)

with sexual scene involving alcohol

If the message contains the word
"drunk”, we assume that it is
related to alcohol drinking UNLESS
it mentions clearly that it is due to

something other than alcohol.
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