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Figure 1. Smoking prevalance according to CDC reports (left) 
and according to Twitter profiles (right) 

 

Figure 1 illustrates the concentration of smokers in US 
states according to the CDC [3] and according to the 
Location field in Twitter profiles of users in our dataset. 
Darker colors correspond to higher smoking prevalence, 
and white states are those not represented in our data. 

Performing gender classification [13] on users in our 
dataset, Table 1 shows results very similar to national 
statistics of tobacco usage by men and women [3].  

 CDC Twitter 
Men 54% 59% 
Women 46% 41% 

Table 1. Proportion of smokers that are men or women 
according to data from CDC and from Twitter 

Finally, over time we see that trends in data on Twitter 
closely resemble what clinicians encounter when making 
longitudinal health assessments, as compared in Figure 2. 
On the left we see the combined abstinence rate from 17 
studies of smokers [22], and on the right the same plot of 
the number of months users in our own dataset remain 
abstinent (either before relapsing for Relapsers or until the 
latest assessment for Survivors). An important contrast does 
exist here though: obtaining longitudinal data via Twitter is 
much less difficult than in such offline settings, where 
follow-ups are typically only performed at points between 1 
and 12 months and rarely after 24 months [38]. 

  

Figure 2. Percentage of people vs. months of abstinence from 17 
combined clinical studies (left) and from Twitter dataset (right) 

These alignments help verify the soundness of our data, and 
they also demonstrate that easily-accessible web data could 
substitute for or enrich data from surveys and other 
conventional yet burdensome methods of collection. 

Activity, Sociality, & Emotion  
Next we present our analyses that explore meaningful 
differences in the online behaviors, social dynamics, and 
affective states of smokers who successfully remain 

abstinent (Survivors) and those who relapse and begin 
smoking again (Relapsers). Our later Discussion section 
explains how personalized and context-aware tools could 
capitalize on our findings. We compare these two groups by 
reporting on the difference in the median values of our 
measurements computed on the following sets of tweets: 

• All_Before; All_After: All of a user’s tweets posted up 
to 1 year before or 1 year after his/her cessation-event 

• Smoke_Before; Smoke_After: Only the tweets of a user 
that are annotated as smoking-relevant, posted up to 1 
year before or 1 year after his/her cessation-event 

We removed outliers greater than 3 standard deviations 
above the mean posting volume, and all comparisons were 
done on medians using Wilcoxon sign-rank tests. 

Activity variables 
Striking is a significantly higher activity level for Relapsers 
compared to Survivors across all variables, as summarized 
in Table 2. Specifically, Relapsers tweet over 3 times more 
than Survivors before cessation and nearly 5 times more 
after cessation, and Relapsers’ posting bursts produce twice 
as many tweets as Survivors’, both before and after 
cessation. Also, posting burstiness and frequency increase 
after quitting for Relapser yet decrease for Survivors.  

 S R 
Vol_B*** 412 1243 
Vol_A*** 771 3551 
Burst_B*** 4.46 10.12 
Burst_A*** 4.28 10.94 
Freq_B*** 9.91 3.56 
Freq_A*** 11.25 2.70 

Table 2. Median values of activity measures computed on 
tweets of (S)urvivors and (R)elapsers, (B)efore and (A)fter 

cessation. Significant differences in these medians indicated in 
the first column.  (* p < 0.01, ** p < 0.001, *** p < 0.0001) 

These significantly higher levels of overall tweeting activity 
by Relapsers compared to Survivors may be explained by 
the fact that heavier Twitter use is a manifestation of the 
impulsiveness and sensation seeking that is characteristic of 
heavier smokers [33]. Looking at these measures for 
smoking-relevant tweets only, we see that Relapsers also 
mention smoking significantly more than Survivors both 
before and after cessation (p<0.0001). This may be a sign 
that Relapsers have more severe addictions that are difficult 
to break given that stronger addiction levels correlate with 
thinking about smoking more frequently during the day 
[19]. Tweets posted by two of the most active users in our 
dataset, both Relapsers, illustrate this severity of addiction 
(e.g., “I had 8 cigarettes earlier in the space of 30 minutes. 
Whoops”) and such preoccupation with smoking (e.g., “I’m 
tryna get myself to stop smoking but I know it's not gonna 
happen. I'm already thinking about smoking!”). 

Next, looking more closely at when Relapsers and 
Survivors actually make these posts, we notice temporal 
differences in posting behavior as well, with Relapsers 
making more of their smoking mentions at night compared 
to Survivors during the day, as illustrated in Figure 3. We 
see at least two potential explanations for this. 

 

Figure 3. Time of day at which users tweet about smoking 

First, research has shown that stress levels often peak at 
night and that depressed individuals are more active at night 
on Twitter [13]. We therefore suggest that those users 
suffering from stress or depression may be more prone to 
turn to cigarettes for coping or have more trouble resisting 
the relief from stress smoking provides (e.g., “im really 
considering smoking tonight bcause im so stressed”). 

Second, research also shows that Relapsers struggle more 
with temptation [14] and that living with other smokers 
negatively predicts successful cessation outcomes [18, 29]. 
We hypothesize that Relapsers encounter situations that 
threaten abstinence more at night. For example, we see 
Relapsers being tempted at social outings, especially if the 
individual is drinking or others nearby are smoking, (e.g., 
“outside the club and guy beside me smoking makes me 
wanna”), as well as when at home at the end of the day and 
exposed to other smokers (e.g., “my mom smokes i stay 
with her she does not respect me trying to stop :\”). 

Social variables 
Next, we examine smokers’ social relationships and 
interactions. In order to avoid Relapsers dominating the raw 
measures simply due to their massive posting volume, we 
normalize all social variables by posting volume. 

Table 3 shows the differences in friends per tweet and 
followers per tweet between Survivors and Relapsers, with 
Survivors benefitting from significantly more friends and 
followers. These connections enable social outreach and 
attention, key ingredients in maintaining motivation and 
performance [27] and navigating the cessation process [8, 
29]. Looking to the data, we find many examples of 
Survivors reaching out, such as “Starting the patch today. 
Everyone please support me on the road to quitting 
smoking” and “Ok I started a really big challenge 
yesterday... I quit smoking! I may need some help from you 
guys in the upcoming days/weeks”. 

 S-R Before S-R After 
Friends/Tweet 0.0948*** 0.1340*** 
Followers/Tweet 0.0400** 0.0608*** 

Table 3. Differences in the median values of social network 
structure variables Before and After cessation for (S)urvivors 

and (R)elapsers.  (* p < 0.01, ** p < 0.001, *** p < 0.0001) 

Survivors’ number of connections also increases from 
before to after cessation, while Relapsers lose connections. 
We hypothesize that this is due to Relapsers becoming 
more socially withdrawn and hostile. For example, consider 
this Relapser’s increasingly anti-social behavior:  

• Day 2 of not smoking #bittersweet 

• I quit smoking yesterday and everyone is pissing me off!  

• Day 3 without a cig. Ooo I'm about to shoot someone 

Along the same lines, it also seems the overall emotional 
tenor of Relapsers’ conversations becomes more negative 
after quitting, perhaps repelling new relationships and even 
breaking existing ones. Consider the following examples: 
“Day 2 no smoking. I hate everyone” and “I need a 
cigarette to calm down... im about to punch something 
#nojokes”. We discuss these kinds of affective changes 
further in the following sub-section on emotional variables. 

Followers and friends represent more passive subscription 
and broadcast style relationships, so we also collect 
@mentions to capture active, personal interactions. Table 4 
shows that Survivors have significantly more @mentions 
per tweet than Relapsers both before and after cessation. 

 
S-R 
All_ 

Before 

S-R 
All_ 

After 

S-R 
Smoke_ 
Before 

S-R 
Smoke_ 

After 
% Tweets with 

@Mentions 0.0529* 0.0396* -0.0007* -0.0005* 

Unique 
@Mentions/Tweet 0.0675* 0.0313* -0.0007* -0.0007* 

Table 4. Differences in the median values of social interaction 
variables Before and After cessation for (S)urvivors and 

(R)elapsers in all tweets (All) and in only smoking-relevant 
tweets (Smoke).  (* p < 0.05, ** p < 0.001, *** p < 0.0001) 

At the same time, we see that Survivors make significantly 
fewer @mentions in their smoking-relevant tweets than 
Relapsers. While Survivors are overall more socially 
engaged, one possibility is that when tweeting about 
smoking, they reach out more selectively, consciously 
targeting closer and more trusted connections for 
information (e.g., “@username what is your opinion on 
vapor cigarettes? Do you think they make it easier to 
quit?”) or for emotional encouragement and camaraderie 
(e.g., “I quit smoking today! A promise I made to 
@username & I intend on keeping this promise”). 

Next, looking more closely at when Relapsers and 
Survivors actually make these posts, we notice temporal 
differences in posting behavior as well, with Relapsers 
making more of their smoking mentions at night compared 
to Survivors during the day, as illustrated in Figure 3. We 
see at least two potential explanations for this. 
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At the same time, we see that Survivors make significantly 
fewer @mentions in their smoking-relevant tweets than 
Relapsers. While Survivors are overall more socially 
engaged, one possibility is that when tweeting about 
smoking, they reach out more selectively, consciously 
targeting closer and more trusted connections for 
information (e.g., “@username what is your opinion on 
vapor cigarettes? Do you think they make it easier to 
quit?”) or for emotional encouragement and camaraderie 
(e.g., “I quit smoking today! A promise I made to 
@username & I intend on keeping this promise”). 

Emotion variables 
Research shows that high positivity and moderate 
negativity correlate with health [31]. Table 5 shows the 
differences in the intensity of positive and negative 
language (measured per Hutto et al. [23]) used by Survivors 
and Relapsers. We see Survivors speaking more positively 
before and after quitting and more positively when referring 
to smoking after quitting. We also see that Relapsers’ 
language is only slightly more emotionally negative than 
that of Survivors, suggesting that Survivors manage 
emotional balance without repressing negative feelings, 
which can result in subsequent health problems [31]. Notice 
how this Relapser has a largely negative attitude towards 
cessation: “So grouchy today, who woulda knew that 
quitting smoking would be so hard??” while this Survivor 
expresses optimism, tempered with moderately valenced 
realism that acknowledges challenges: “I quit smoking on 
Sunday evening. Day 3 today. I feel exhausted, annoyed, 
bored. But the fight must go on. Keep fighting :)” 

 
S-R   
All_ 

Before 

S-R   
All_ 

After 

S-R 
Smoke_ 
Before 

S-R 
Smoke_ 

After 
Pos. Sent. 
Intensity 0.0850** 0.0569* 0.0009 -0.0029** 

Neg. Sent. 
Intensity -0.0010 -0.0031* 0.0002 0.0003 

Table 5. Differences in the median values of sentiment 
variables Before and After cessation for (S)urvivors and 

(R)elapsers in all tweets (All) and in only smoking-relevant 
tweets (Smoke). (* p < 0.05, ** p < 0.001, *** p < 0.0001) 

Additionally, higher relapse rates are known to correspond 
to the strength of addiction and severity of withdrawal 
symptoms [37, 41]. We thus hypothesize that Relapsers’ 
negative affect after cessation is also partly due to their 
more intense struggles with such negative physical and 
psychological feelings, which include anger, depression, 
and anxiety [21], as exemplified in the following tweets by 
three Relapsers: “I think my body is busy detoxing, coz I 
have this constant headache. Must be withdrawel symptoms 
of the cigarettes.”; “Haven’t smoked all day my head is 
killing me :(”; “pissed off, my back is killing me, my head is 
swimming with stress and I quit smoking #BadDay”. 

Cessation Motives and Setting the Goal to Quit 
A long history of research has established that the 
motivations and orientations with which an individual 
forms a cessation goal highly influence subsequent 
commitment, performance, and outcome. Drawing on [27, 
35], we perform thematic analysis of our dataset in order to 
identify the key motivations that trigger an attempt to quit 
smoking. As explained in our discussion of data 
preparation, Mechanical Turkers annotated whether or not a 
smoking-relevant tweet mentions such a motivation. For the 
tweets that do, we categorize them into 8 classes of 

“cessation motives”. Table 6 presents descriptions and 
examples of each motive, and Figure 4 shows the 
proportions of users driven to quit by each. We were able to 
determine a motive for 224 people. 

Motive Example Tweet 
Self-Reevaluation: Desire to 
stop smoking is part of 
bettering oneself and 
improving overall life quality 

When did cigarettes do 
this to my life? Ending 
the smoking and starting 
a new me. 

Relationships: Realizes  
habit’s effect on others (e.g., 
unborn child, family, friends) 
or is pressured by them to quit 

Today I quit smoking. My 
son came home with an 
ashtray he made in art 
class. FML 

Personal-Threat: Moderate   
to severe medical symptoms 
experienced or diagnosed,  
(e.g. asthma, mouth ulcers, 
chest pains, heart disease) 

Woke up to serious 
breathing problems-Mom  
& friend took me to the 
hospital for artificial 
breathing session. Im 
quitting smoking for good 

Detached-Threat: Becomes 
fearful for health after 
exposure to materials about 
potential dangers or after 
witnessing other smokers’  
health complications 

seeing that smoking 
commercial I legit plan  
to never have a cigarette 
again, scared the fuck 
outta me. Hope I stick 
with it 

Financial: Cost of cigarettes 
becomes burdensome or 
prohibitively expensive 

Just done the budget    
and smoking is officially 
unaffordable -- cold  
turkey here I go 

Cosmetic: Side-effects (e.g., 
yellow teeth & nails, feeling 
out of shape) that are less 
serious than Personal-Threat 
make smoking unappealing 

never smoking a ciggy 
again, smell like shit 
#notworthit 

Holiday: Quitting is a New  
Year’s Resolution or done       
for a religious holiday 

I'm giving up cigarettes 
for Lent!!! And forever 
thereafter! 

Whim: Decision to quit is 
made casually or on a whim 

Ran out of cigarettes -
going to try quitting. 

Table 6. Users’ motives to quit smoking and example tweets  

We recognize that some motives grow from sincere desires 
and more permanent circumstances. These motives include 
Self-Reevaluation, Relationships, and Personal-Threat. 
Other motives are more casual and fleeting in nature, such 
as Holiday and Whim. We observe that the former tend to 
drive Survivors to abstinence (49 Survivors showed sincere 
motivations, 9 showed casual motivations) while the latter 
motivate Relapsers (47 sincere, 59 casual), yielding a 
significant difference between the two groups (χ2 = 21.67, 
df=1, p<.001). Figure 4 illustrates these differences, and the 
following paragraphs explore them more deeply. 

 
Figure 4. Motives of users who abstain (left) and relapse (right) 

First, Self-Reevaluation is a key cognitive step in changing 
smoking behavior [8], and this internal contemplation 
produces focus and better chances to meet goals [30]. 
Motives in our data do show Survivors envisioning their 
desired state of self as part of such cognitive reconditioning. 

Prior work shows that people who recognize the effect of 
their smoking on others also have better cessation outcomes 
[34], and we do see Relationships motivating more 
Survivors than Relapsers. In addition, Personal-Threat 
motives, such as serious medical concerns, are also more 
persuasive and see better abstinence rates. 

In contrast, we find Relapsers’ concerns are more 
superficial and extrinsically oriented (Cosmetic motives, 
Detached-Threat), which can induce anxiety and reduce 
commitment [27]. Whim motives, which overwhelmingly 
motivate Relapsers, lack any evaluative component and 
lack accountability. We also see Relapsers combining 
quitting with more over-the-top and unrealistic fantasies 
often as part of Holiday resolutions, undermining willpower 
and causing lack of follow-through [30] (e.g., “Quit 
smoking. Exercise. Eat healthier. Start a savings account. 
Spend less money on pointless shit. Vaycay to Vegas”). 

The small numbers available for analysis are due to many 
users not explicitly mentioning a motive in their tweets. We 
believe that Holiday and Cosmetic motives are in particular 
under-reported since investigating when a goal to quit is 
undertaken (Cessation Date) reveals the pattern in Figure 5. 
First, we see a spike near the time of New Year’s 
Resolutions. Also noticeable is a peak in late-spring/early 
summer, which inspection finds is related to users forming 
goals to get fitter for the summer season via dieting, 
exercising, and/or quitting smoking (e.g., “So today is my 
last day drinking and smoking. Gotta get ma body right fa 
the summer time and college!”) 

 
Figure 5. Cessation-event dates throughout the year 

 

The Cessation Process 

Stages of Change 
Next we analyze whether Survivors and Relapsers 
demonstrate progression (or lack thereof) through the 
Transtheoretical Model’s stages of change, known as Pre-
Contemplation, Contemplation, Preparation, Action, and 
Maintenance [35]. Essentially, we treat each smoking tweet 
as an assessment of that user’s stage of behavior change. 
We use the proportion of tweets labeled with a stage as a 
proxy for the amount of time spent in various stages, which 
research shows correlates with ultimate outcome [4, 20]. 

As Figure 6 shows, Relapsers linger more in a preparation 
phase (Pre-Contemplation, Contemplation, and Preparation 
combined) than Survivors (t = 9.63, df = 383.30, p < .001). 

 

Figure 6. Proportion of the cessation process spent in each stage 
of change for Survivors (top) and Relapsers (bottom).              
 Pre-Contemplation,  Contemplation,  Preparation,  

 Abstinence (Action & Maintenance) 

This may be due to Relapsers failing to apply the cognitive, 
emotional, and evaluative processes necessary to make 
progress; suffering from chronic procrastination and lack of 
motivation; and/or having little confidence in their ability to 
quit -- all of which have been shown to result in longer time 
spent in pre-abstinence stages and subsequent lower quit 
rates [15, 34].  

We do see evidence of such flawed behaviors in our 
Relapsers, including procrastination (e.g., “Quitting red bull 
today and smoking next week. I might just die of healthy” 
and “Quitting cigarettes cold turkey soon. Going to smoke 
these 5 more packs of my favorite brands and then be 
done”). Relapsers also show low confidence and express 
pessimism from day one (e.g., “Trying to quit cigarettes 
today but dunno if I can do this :-\” and “Today is my last 
day smoking…This is going to be hard as hell”), which 
contrasts the higher self-efficacy we see from Survivors 
(e.g., “Just smoked my last ever cigarette! I know I can quit, 
yeah baby!”). 

Overall, the consistency of our findings with clinical 
evidence shows that tweeted self-reports about smoking can 
help to diagnose stage and monitor status on a regular basis. 

Cessation Strategies and Treatment Methods 
Continuing our analysis of the cessation process, we look 
more closely at individuals’ use of cessation treatments, a 
variety of which exist and have varying levels of efficacy 
[16, 26]. Results of thematic analysis to evaluate the 
cessation strategies employed by users in our dataset are 
summarized in Table 7 and illustrated in Figure 7. 
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Strategy Example Tweet 
Cold Turkey; Explicitly 
mention using no aid 

Hopefully yesterday 
would be the last time I 
ever touch a cigarette. 
Gonna go cold turkey! 

Medication & E-Cigarettes: 
Nicotine replacement (patch, 
gum, lozenge) or electronic cig, 
which gov. considers medicinal 

Ok tweeps, I filled my 
Chantix prescription 
today 

Lifestyle Overhaul: Quitting  
is combined with other positive 
behavior changes (e.g., with 
respect to diet, exercise, job) 

got myself a new, well-
paid, full time job, quit 
smoking AND rebuilt  
my studio setup 

Avoidance & Substitution: 
Changing routine to avoid 
tempting situations or replacing 
cigarettes (e.g., with lollipops) 

Yeah. I’ve been  
avoiding smokers to 
avoid temptation. I’m 
still afraid I’ll cave. 

Group: Quitting with a friend  
or cessation group 

Today @username and 
me are quitting smoking 

Self-Help & Alternative 
Therapies: Hypnosis, books, 
digital tools 

read “the easy way to 
stop smoking” by Allen 
Carr. I’m 6 months cig 
free with that book 

Table 7. Users’ cessation strategies and example tweets 

 

 

Figure 7. Cessation strategies for smokers who successfully 
abstain (left) and those who relapse (right) 

Clinical research finds that the majority of smokers trying 
to quit do so without the help of evidence-based cessation 
treatments, which include over-the-counter and prescription 
nicotine replacement products, group or individual 
counseling and therapy, and online programs and self-help 
plans [11]. Research also finds that smokers trying to quit 
who use medication or counseling are more successful than 
those who go unassisted [16]. We see both of these trends 
holding true in our own dataset. We are able to identify the 
cessation strategy of 226 people, 156 Relapsers and 70 
Survivors. Both Survivors and Relapsers go unassisted 
more than using any other single method (χ2 = 15.08, 1 
df=1, p<.001). While we see nearly 82% of Relapsers going 
cold turkey, less than 40% of Survivors do so and instead 
utilize strategies proven effective more so than Relapsers 
(χ2 = 6.90, 1 df=1, p<.01). We also see more Survivors 
using Avoidance & Substitution, a form of stimulus control 
important in managing abstinence [8, 34]. 

DISCUSSION 

Theoretical Implications 
Our primary goal for this work was to demonstrate that data 
from social media could bear on the nuanced process of 
smoking cessation. As mentioned, successful abstinence 
depends on a stunning range of factors. We separated our 
Twitter-based measures into four categories: activity, 
sociality, emotion, and cessation-process. 

Our activity measures reflect a strong finding that Relapsers 
tweet far more than Survivors and are both burstier and 
more frequent in that tweeting. Combined with the 
increased likelihood of tweeting at night, these activity 
patterns suggest Relapsers may be more impulsive, 
sensation seeking, and challenged by temptation. 

Despite this increased tweeting, Relapsers are not more 
social on a per-tweet basis in terms of friends, followers, or 
directed communication. This finding fits well with the 
known role of social support in attaining goals including 
abstinence from smoking. Furthermore, Relapsers are 
relatively more negative, aversive, and pessimistic than 
Survivors in terms of sentiment. As dataset examples show, 
this sourness may interact with social support (or lack 
thereof) in that Relapsers tend to appear hostile while 
Survivors invite and seek connectedness. 

Finally, we unravel the cessation process to identify the 
cessation motives, preparedness, and strategy for about one 
third of the population studied. While a relatively small 
number, the results are striking. Relapsers are far more 
likely to procrastinate before cessation; quit for more 
casual, shallow, and unrealistic reasons; and chose a cold 
turkey strategy rather than use effective treatment methods.  

Design Implications and Technological Interventions 
As mentioned, technological interventions to aid cessation 
efforts have not been overwhelmingly successful. That our 
measures differentiate Survivors and Relapsers in ways 
aligned with theory and experimentation suggest that 
incorporating social media data may legitimately enhance 
these interventions. We see two areas for improvement.  

First, we can leverage social media to determine if a user is 
more or less likely to maintain abstinence from day one. 
For instance, even the single measure of tweeting activity 
prior to cessation was a strong predictor of relapse as was 
the amount of social connectivity and the sentiment of 
posted content, all of which can provide interventions such 
as mobile phone applications with high level direction as to 
the level of assistance a user needs. 

Second, interventions can be tailored using the different 
motives, attitudes, and behaviors captured about its users. 
An application that provides information and reminders on 
the smoking cessation goal might base its content, timing, 
and audience on these social media based measures. As 
examples, users going cold turkey and tweeting frequently 
at night can receive an intervention designed for 
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atively higher negativity tend to be confined to moderate
number of comments.
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Figure 2: Comparison of the distribution of the number of
comments per collected Instagram media session. Blue is for
the complete set of media sessions, and red is for the selected
subset of 998 media sessions with more than 15 comments
and high degree of negativity.

Figure 3 illustrates the CCDF of the number of followed
by and follows for users in both the complete and selected
set of media sessions. We see that the number of follows
for users in the complete and selected sets exhibit the same
pattern. However, the distribution for selected users ends at
around 7,500, while the distribution for all users goes to al-
most 107. On the other hand, distributions of the number
of followed by users are different for selected users and all
users. The number of followed by users is higher for the se-
lected users, but this distribution ends at around 4.16 ⇤ 106,
while the distribution for all users goes all the way up to 108.
Looking at the data more closely, we found that a large num-
ber of images posted by the selected users set correspond to
popular personalities or events, e.g., a lot of these users are
singers, celebrities, tattoo artists, or simply users who are
popular within a local area. These users draw a lot of at-
tention. Because of their popularity, they have a relatively
larger number of followers, and tend to attract a significant
number of negative comments in the form of criticism from
other users.
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Figure 3: CCDF of the number of followed by and follows
for users in the complete set and highly negative subset of
media sessions.

Cyberbullying Labeling
In this section, we explain the design and methodology for
our survey labeling the selected set of media sessions. Our
first challenge is choosing appropriate definitions of terms,
which will then be used in ground truth labeling. Based on
the literature, a major early choice that we have made is to
distinguish between cyberaggression and cyberbullying. Cy-
beraggression is broadly defined as using digital media to
intentionally harm another person (Kowalski et al. 2012) .
Examples include negative content and words such as pro-
fanity, slang and abbreviations that would be used in nega-
tive posts such as hate, fight, wtf. Cyberbullying is one form
of cyberaggression that is more restrictively defined as in-
tentional aggression that is repeatedly carried out in an elec-
tronic context against a person who cannot easily defend him
or herself (Kowalski et al. 2012; Patchin and Hinduja 2012).
Thus, cyberbullying consists of three main features : (1) an
act of aggression online; (2) an imbalance of power between
the individuals involved; and (3) it is repeated over time
(Hunter, Boyle, and Warden 2007; Kowalski et al. 2012;
Olweus 1993; 2013; Smith, del Barrio, and Tokunaga 2012).
The power imbalance can take on a variety of forms in-
cluding physical, social, relational or psychological (Doo-
ley, Pyżalski, and Cross 2009; Monks and Smith 2006;
Olweus 2013; Pyżalski 2010), such as a user being more
technologically savvy than another (Kowalski et al. 2014), a
group of users targeting one user, or a popular user targeting
a less popular one (Limber, Kowalski, and Agatston 2008).
Repetition of cyberbullying can occur over time or by for-
warding/sharing a negative comment or photo with multiple
individuals (Limber, Kowalski, and Agatston 2008).

Figure 4: An example of the labeling survey, which shows
an image and its corresponding comments, and the survey
questions.

In Instagram, each media session consists of a media
posted by the profile owner and the corresponding comments
for the media object. The goal in this paper is to investigate
cyberaggression and cyberbullying in this multi-modal (tex-
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Figure 5: Fraction of media sessions that have been voted k times as cyberagression (left) or cyberbullying (right).

tual comments and media objects) context. Therefore, the
design of our survey needed to incorporate both the image
and the associated text comments when asking the human
labeler whether the media session was an instance of cyber-
bullying or cyberaggression. Figure 4 illustrates an example
of our design for the labeling survey. On the left is the image,
and on the right is a scrollable interface to help the labeler
see all of the comments associated with this image. With the
help of an expert, we decided to ask the labelers two ques-
tions, namely whether the media session constituted cyber-
aggression or not, and whether the media session constituted
cyberbullying or not. During the instructional phase prior to
labeling, labelers were given the aforementioned definitions
of cyberaggression and cyberbullying along with related ex-
amples. Each media session was labeled by five contributors.

To monitor the quality of labeling, potential contributors
were given the answers to a set of examples, and then were
subjected to a pre-filtering step in which they were asked to
answer a set of similar quiz questions. Contributors needed
to answer correctly a minimum number of quiz questions
to qualify as a labeler for our survey. Also during the job,
random test questions were asked to monitor the quality of
the labeling during the job. A minimum threshold amount
of time was also set to filter out contributors who rushed
through the labeling without spending a sufficient minimum
duration to ensure the quality of the labeling.

We were also interested in image contents of media ses-
sions that had been targeted with a high proportion of neg-
ative comments. If the type or category of an image could
be identified, then this may prove to be a useful feature in
classification of cyberbullying. We first sampled some of the
images in the selected subset to determine a suitable set of
representative categories or types to be used in the label-
ing. For example, some of the dominant categories were the
presence of a human in the image, as well as animals, text,
clothes, tattoos, sports and celebrities. We then conducted a
second survey focused only on the image content, and asked
labelers to identify which of the aforementioned categories
were present in the image. Multiple categories could be se-
lected for a given image.

Analysis and Characterization of Labeled
Cyberbullying

We submitted our survey with 998 media sessions (images
and their associated comments) to CrowdFlower, a crowd
sourcing website, each labeled by five different contributors.
Figure 5 illustrates the distribution of the labeled answers
among the five labelers for each of the two questions on cy-
berbullying and cyberaggression. The higher the number of
votes for a given label, the more confidence that we have that
a given media session constitutes cyberaggression or cyber-
bullying, where five votes constitutes unanimous agreement.
The left chart in Figure 5 shows the percentage of samples
that have been labeled as cyberaggression k times, and the
right chart shows the percentage of samples that have been
labeled as cyberbullying k times.

We notice that for cyberaggression, most of the probabil-
ity mass is around media sessions labeled as cyberaggres-
sion by all five contributors. This is not surprising since all
the samples have at least 40% negative comments. However,
we observe that around 17% of the media sessions have not
been labeled as cyberaggression at all by any of the five con-
tributors. This suggests that only employing a high percent-
age of negativity threshold of 40% to detect cyberaggression
can still produce many false alarms.

For cyberbullying labeling (right chart in Figure 5), we
notice that about 24% of the media sessions have not been
labeled as cyberbullying by any of the five contributors, even
though these samples were originally selected for their high
negativity. Further, we observe that about 48% of the me-
dia sessions have two or fewer votes. If we apply a majority
vote criterion to deciding whether a given session was cyber-
bullying or not among the five labelers, then nearly half of
the sessions would be defined as not cyberbullying, despite
their high percentage negativity. Therefore, a key finding of
our labeling is that a large fraction of Instagram media ses-
sions with a high percentage of negative words would not be
deemed as cyberbullying. The implication is that classifier
design for cyberbullying here cannot solely rely on the per-
centage of negativity among the words in the image-based
discussion, since this would produce many false positives,
but instead must consider other features to improve accu-
racy.

Another key observation is that the labelers are mostly
in agreement about what behavior constitutes cyberbully-

separated comments and support for labeling this session as
cyberbullying. We also considered cyberbullying’s correla-
tion with other temporal factors such as the median, mean
and variance, i.e. jitter, of the comment interarrival times
but found little correlation. Cyberaggression temporal cor-
relations follow a similar pattern.

To summarize, we have found that there are strong corre-
lations between the strength of support for labeled cyberbul-
lying and the number of text comments as well as the tem-
poral property of the number of comments that are posted
within one hour of one another in an Instagram media ses-
sion.

Image Labeling Analysis
In this subsection, we would like to understand the rela-
tionship between image content and cyberbullying in a me-
dia session. Towards this end, we display the distribution
results of our second survey on labeling image content in
Figures 8 and 9. First, we observe that among the media
sessions with the highest negativity, the most common la-
bels for the image content in these media sessions are Per-
son/People, Text, Sports, and perhaps Tattoo, for most values
of support for cyberbullying. Second, there is some skew in
distributions for certain labels such as Person/People, Tat-
too and Sports, as the amount of support for cyberbullying
varies. For example, for images labeled as containing a Tat-
too, we see a strong skew towards lower values of cyberbul-
lying. Such a skew may be helpful in classifier design, since
whenever a tattoo is present, there appears to be little sup-
port that there is cyberbullying occurring, while whenever
there is strong support for cyberbullying, images with tat-
toos are more scarce. For Person/People, we see a skew in
the opposite direction towards more cyberbullying support,
and similarly for Sports. Similar behavior is exhibited for
cyberaggression as well.

Since labeling of image content into more than one cat-
egory was permitted, then we are further interested to see
the distribution of multi-label images. Figure 10 shows the
fraction of other categories assigned to a Person/People la-
beled image. For example, Figure 10 shows that more than
60% of images labeled with Person/People were exclusively
labeled as such, but about 15% of such images were also la-
beled with the Text label. Very few images were labeled with
three labels.

CarBike
Nature

 Only Person/People
 Celebrity

 Clothes
 Shoes

 Tattoo

 Text

 Sports

Figure 10: Fraction of other categories assigned to an image
given that the image has been labeled as Person/People.

Classifier Design and Evaluation
To design and train the classifier, we chose to apply a major-
ity vote criterion on the labeled data to determine whether
a media session was cyberbullying or not. Further, Crowd-
Flower provides us with a degree of trust for each labeler
based on the percentage of correctly answered quiz and test
questions during the labeling session. This trust value is
incorporated by CrowdFlower into a weighted version of
the majority voting method called a “confidence level”. We
decided to employ this weighted trust-based majority vot-
ing metric as the basis for our classifier design. Media ses-
sions whose weighted trust-based metric was equal to or
greater than 60% were deemed to be strong enough sup-
port for cyberbullying. Actually, 90% of the original pure
majority-vote based media sessions wound up in this higher-
confidence cyberbullying-labeled group. For this higher-
confidence data set, 52% in total belonged to the “bullying”
group while 48% were not deemed to be bullying. This pro-
vides a base case from which to compare our classifier since
we can simply apply a detector based on the 40% negativity
threshold and achieve 0.52 accuracy for cyberbullying de-
tection.

Two types of features were evaluated, namely those fea-
tures obtained from the content of comments, and those fea-
tures obtained from shared media objects and the profile
owner. For the text features, first we applied a pre-processing
step to remove characters such as “!”, “¿”, etc. and stop
words such as “and”,“or”,“for”, etc. Features extracted from
text include unigram, bigram, 3-gram,number of comments
for the image, and number of posts within interval less than
one hour. Features extracted from user and media informa-
tion (named as meta data) includes the number of followed-
by’s, follows, likes, and shared medias and features extracted
from image content includes image categories.

Table 2 illustrates the best performance results among dif-
ferent examined classifiers (all numbers are average over 10-
fold cross validation results). In the first row using low di-
mensional feature space of meta data and a simple Naı̈ve
Bayes Classifier we jumped to accuracy 0.71 from base-
line 0.52. Next we observed that adding image categories
increased the accuracy to 0.72, with a high recall 0.78.

In another experiment, only the text features unigram and
3-gram gave us the best accuracy using linear Support Vector
Machine (SVM) Classifier. However, the dimension of uni-
grams and 3-gram features is very high, so next row shows
the accuracy after applying Singular Value Decomposition
(SVD) on text features. We observed keeping only the first
200 components, we can get the same accuracy.

In the next step we added meta data and image categories
to the text features. To get the best accuracy, we first stan-
dardized these set of features, applied kernel PCA (Princi-
ple Component Analysis) and kept the first 20 components.
Then we concatenate this set of reduced dimension features
with the reduced dimension features obtained from text. Ap-
plying linear SVM classifier, the accuracy jumped to 0.87
with both high precision and recall.

In summary, by employing multi-modal features obtained
from text, meta data and images as input into a linear SVM
classifier, the accuracy of cyberbullying detection was mean-
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Figure 8: Distribution of image categories given the media sessions have been voted for k times for cyberbullying. As some
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Figure 9: Distribution of image categories given the media sessions have been voted for k times for cyberaggression.

ingfully improved by 0.35 to a total of 0.87 compared to
a base case of 0.52. Simple meta data features gain accu-
racy 0.71, but to increase recall, more complex features are
needed.

Discussion and Future Work
One theme for future work is to improve the performance
of our classifier by adding more input features, such as new
image features, temporal behavior of commenting, mobile
sensor data, etc. A limitation of our current classifier is that
it is designed only for highly negative media sessions. A
more general classifier that can apply to all media sessions
is needed. This will also require us to enlarge our labeled
data set substantially. Incorporating image features needs to
be automated by applying image recognition algorithms. We
plan to explore this research direction as well. We have ap-
plied a majority vote definition in designing our classifier.
Another definition to consider is when at least one labeler
has declared that he/she thinks this media session constitutes
cyberbullying. New classifiers will have to be designed for
this definition.

We also plan to consider designing classifiers for cyber-
aggression in addition to cyberbullying, and to investigate
those media sessions that represent the former but not the
latter behavior.

Another theme for future work is to obtain greater detail
from the labeling surveys. Our experience was that stream-
lining the survey improved the response rate, quality and
speed. However, we desire more detailed labeling, such as
for different roles in cyberbullying – identifying and differ-
entiating the role of a victim’s defender, who may also spew

negativity, from a victim’s bully or bullies.

Conclusions
We believe this paper makes the following major contribu-
tions: an appropriate definition of cyberbullying that incor-
porates both frequency of negativity and imbalance power
is applied in large-scale labeling, and is differentiated from
cyberaggression; cyberbullying is studied in the context of a
media-based social network, incorporating both images and
comments in the labeling; a detailed analysis of the distri-
bution results of the labeling of cyberbullying incidents is
presented, including a correlation analysis of cyberbullying
with other factors derived from images, text comments, and
social network meta data; multi-modal classification results
are presented that incorporate a variety of features to iden-
tify cyberbullying incidents.

The major findings of this paper comprise the following
results. First, a key finding of our labeling is that about 48%
of Instagram media sessions were not deemed as cyberbully-
ing using a majority vote criterion among five labelers, even
though these were among the media sessions with the high-
est percentage of profanity words, i.e. a significant fraction
of negative content does not constitute acts of online cy-
berbullying. Second, labelers are mostly in agreement about
what behavior constitutes cyberbullying and what does not
in Instagram media sessions. Third, our analysis identified
that that there is significant class of Instagram media ses-
sions that exhibits cyberaggression but not cyberbullying.
Fourth, there are strong correlations between the strength
of support for labeled cyberbullying and the number of text
comments as well as the temporal property of the number



Murnane	et	al.	focused	on	those	Twitter	users	
who	had	announced	their	desire	to	quit.	
Could	this	include	possible	bias?	What	can	
you	do	to	circumvent	such	bias?	



Contrast	Murnane	et	al.	with	the	collective	
smoking	paper	by	Christakis	et	al.	



Murnane	et	al.	used	Mechanical	Turk	to	
obtain	labels	on	cessation	motives	and	the	
difference	goal	setting	stages	(TTM).	What	
are	the	benefits	of	this	approach?	Its	
limitations?	What	is	an	alternative	approach?	



What	could	be	the	possible	reason	behind	
relapsers	being	heavier	posters?	Among	
those	who	announce	a	desire	to	quit,	there	
are	more	eventual	relapsers	than	survivors.	
What	could	explain	this?	



Aside	from	smoking	cessation,	in	what	kind	
of	other	contexts	could	you	apply	the	
method	in	Murnane	et	al.?	Where	can	you	
not	apply	it?	



Can	the	method	outlined	in	Murnane	et	al.	be	
used	to	predict	survival	and	relapse	to	
smoking?	If	so,	how?	



Hosseinmardi	et	al.’s	dataset	from	instagram	
used	an	initial	candidate	filtering	approach	in	
which	media	posts	with	high	profanity/
negative	words	were	considered.	What	are	
its	benefits?	Its	limitations?	



The	crowdsourcing	task	showed	Crowd	
Flower	workers	the	“media	session”	and	
asked	them	if	it	indicates	cyberaggression	
and	cyberbullying.	What	limitations	do	you	
see	to	this	approach?	



Hosseinmardi	et	al.	use	public	Instagram	
data.	Could	this	be	incorporating	systematic	
bias	in	the	analysis	of	cyberbullying?	If	so,	
what	is	it	and	how	would	you	resolve	it?	



Is	Instagram	the	right	place	to	study	
cyberbullying?	



If	you	were	to	do	either	or	both	of	the	studies	
with	anonymous	geotagged	social	media	like	
Yik	Yak,	what	would	be	the	benefits?	What	
would	be	the	limitations?	



What	kind	of	interventions	are	possible	given	
the	findings	in	the	two	papers?	


