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Abstract

Do online interactions trigger reactions back in the offline world? How can these reactions
be detected and quantified? Specifically, what insights can be extracted for users, platform
owners, and policymakers to minimize the potential harm of such reactions?

Society functions based on the complex interactions between individuals, communities,
and organizations. The advent of the Internet has enabled these interactions to move online.
A website or an application that facilitates the digitization of social interactions is called a
socio-technical platform. For instance, individuals converse with each other via direct mes-
saging applications (e.g., WhatsApp, Telegram), share thoughts, and gather feedback from
communities (e.g., Reddit, Twitter, Youtube). Trade of goods occurs via e-commerce (e.g.,
Flipkart, Amazon) and online marketplaces (e.g., Google Play store). At times interactions
happening in the online world, trigger reactions in the offline world, which we call overflow.
Such overflows can have either a positive or negative impact. Socio-technical platforms save
every interaction and associated metadata, providing a unique opportunity to analyze rich
data at scale. Discover interaction patterns, detect and quantify overflow of interactions, and
extract insights for users and policymakers.

This report aims to study the interactions by keeping the individual as the focal point. We
focus on two broad forms of interactions - i) the effect online community feedback can have
on individual offline actions and ii) organizations leveraging individual customers’ online
presence to optimize business processes. In the first part, we work on two scenarios - (a)
How does community feedback affect an individual future drug consumption frequency in
a drug community forum? and (b) What changes does an individual undergo immediately
after getting sudden popularity in Online social media? What actions help in maintaining
popularity for longer? In the second part, we leverage online information about a customer

to improve the prediction of Return-to-Origin ! in the e-commerce platform.

Ihttps://easyinsights.ai/blog/return-to-origin-rto-why-is-it-a-crucial-metric-for-ecommerce-businesses/
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Chapter 1

Introduction

Humans are inherently social. Life and society are structured around complex interactions.
We communicate with each other to build family, friendship, and romantic relationships;
to seek or provide advice and education; to execute trade and commerce. People unite to
form organizations that drive economic activity, govern states, and provide social benefits.
Human interactions are multidimensional, and different methods are used to structure these
interactions based on the study area. As part of our work, we categorize interactions based
on the entities involved. Our three interest entities are 1) Individuals, 2) Communities, and 3)
Organizations.

c . Figure 1.1 demonstrates different combi-
ommercial Trade

nations of interactions that can take place be-
tween such entities. Individuals indulge with
other individuals in private conversations,
trade with organizations, and impart their
thoughts to a community via speeches. Com-
munities display their objection towards or-

ganizations via protests and help other com-

munities as part of social service. Similarly,

Conversation Print Media  Organizations interact with individuals, com-
Figure 1.1: Different combination of societal munities, and other organizations by con-
interactions. ducting business. Researchers in the fields

of Sociology, Psychology, Cognitive, and
Economic sciences have long been interested in understanding the dynamics and characteris-
tics of these interactions. The resulting literature has helped us design better communication

structures, effective and efficient public policy, and derive economic growth.

1.1 Advent of Digital Interactions

An increase in the accessibility of the Internet has enabled a variety of Socio-Technical
platforms. In our work, we define socio-technical platforms as a website or an application
that facilitates the digitization of social interactions, e.g., WhatsApp, Twitter, Flipkart, and

BidAssist. Focus of the report is to study the interaction facilitated by socio-techincal plat-



forms. Hence we start by describing some categories and examples of the same.! Figure 1.2
shows offline interactions and their corresponding socio-technical platforms.

¢ Individual - Individual: Platforms that allow users to have private conversations with

others, like WhatsApp, Telegram, and Facebook Messenger.

* Individual - Community: Platforms that allow users to share their thoughts to a
specific community (e.g. Reddit, Team-BHP, Facebook), or to a broad audience (e.g.
Twitter, Moj, Youtube). Typically these platforms would also have feedback mecha-

nisms (like, share, comments) for the community to react.

* Individual - Organization: Platforms that facilitate trade between individuals and an
organization. For example, e-commerce platforms like Amazon and Flipkart; Online
education platforms like Byjus and Coursera; and servicing platforms like Uber,

Swiggy, and Dunzo.

e Community - Organization: A platform designed to facilitate communication be-

tween a large cohort of people with specific organizations like Change.org.

* Organization - Organization: Platforms are designed for organizations to interact
with each other mainly to facilitate trade. For example, B2B e-commerce like Big-
Commerce, and Moglix; and Tender search engines like BidAssist.

Such platforms have transformed the range, scale, and efficiency of interactions. These
platforms affect how we shop, vote, protest, and conduct our social life. All such platforms
save every interaction on their system, including the entities involved, time stamps, and
related follow-up interactions. The global scale of these platforms provides us with vast

and rich data sources that were rarely available before their existence. The availability of
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Figure 1.2: Offline interactions and corresponding online platforms.

! As platforms grow, it can be challenging to classify them into a single category. For Example, Twitter was
designed as a public micro-blogging site but now also supports a direct messaging feature. Categorization in this
report is based on the primary function of the platform.



such rich data provides unique opportunities to discover user patterns, validate old sociology
theories at scale, and observe the change in behavior due to the omnipresent socio-technical
platforms. Businesses can use this data to find and target customers. Insights from this data
can be crucial for platform owners and governments to design engaging systems and effective

public policies.

1.2 Online-Offline Interactions

We discussed various types of offline interactions and their online counterparts. However,
the two worlds are not mutually exclusive. Feedback and trends from online interactions
regularly trigger reactions in the offline world, where individuals and organizations morph
their actions to achieve a favorable online persona. In our work, we call the phenomenon of
online reactions affecting the offline world as overflow. Sometimes, such overflows can lead
to positive changes like alternative career options (e.g., content creator), monitory growth,
and increased reach/awareness. On the other hand, overflows can lead to profound negative
implications like self-harm (KiKi challenge, Blue Whale challenge), financial fraud, and
social unrest. To maximize the positive overflow and minimize the negatives, it is important
to study i) the loop between online interactions and offline actions, ii) devise algorithms to
detect and quantify the overflow, and iii) suggest measures for involved entities, platforms,
and policymakers.

In our work, we aim to study the interactions by keeping the individual as the focal
point. The report, focuses on two broad forms of interactions - i) the effect online community
feedback can have on individual offline actions, and ii) organizations leveraging individual
customers’ online presence to optimize business processes. In the first part, we work on two
scenarios - (a) How does community feedback affect an individual future drug consumption
frequency in a drug community forum? and (b) What changes does an individual undergo
immediately after getting sudden popularity in Online social media? What actions help in
maintaining popularity for longer? In the second part, we leverage online information about

a customer to improve the prediction of Return-to-Origin in the e-commerce platform.

1.3 Contributions

Individual - Community

* Gurjar, O., Bansal, T., Hitkul, Lamba, H., and Kumaraguru, P. Effect of Popularity
Shocks on User Behavior. In Proceedings of the 16th AAAI International Conference
on Web and Social Media (ICWSM’ 22), June 6-9, 2022, Atlanta, Georgia, USA.

e Hitkul, Shah, RR., and Kumaraguru, P. Effect of Feedback on Drug Consumption
Disclosures on Social Media. R&R at top tier conference.

Individual - Organization



* Hitkul, Abinaya, Saha, S., Banerjee, S., Chelliah, M., and Kumaraguru, P. Social
Re-Identification Assisted RTO Detection for E-Commerce. Under Review at a top

tier conference.



Chapter 2

Effect of Popularity Shocks on User
Behavior

Users often post on content-sharing platforms in the hope of attracting high engage-
ment from viewers. Some posts receive unusual attention and go “viral", eliciting
a significant response (likes, views, shares) to the creator in the form of popularity
shocks. Past theories have suggested a sense of reputation as one of the key drivers of
online activity and the tendency of users to repeat fruitful behaviors. Based on these,
we theorize popularity shocks to be linked with changes in the behavior of users. In
this paper, we propose a framework to study the changes in user activity in terms of
frequency of posting and content posted around popularity shocks. Further, given
the sudden nature of their occurrence, we look into the survival durations of effects
associated with these shocks. We observe that popularity shocks lead to an increase
in the posting frequency of users, and users alter their content to match with the one
which resulted in the shock. Also, it is found that shocks are tough to maintain, with
effects fading within a few days for most users. High response from viewers and
diversification of content posted is found to be linked with longer survival durations
of the shock effects. We believe our work fills the gap related to observing users’
online behavior exposed to sudden popularity and has widespread implications for

platforms, users, and brands involved in marketing on such platforms.

2.1 Introduction

Recently, social media platforms have emerged or transformed themselves to focus more on
content creation and sharing, e.g., TikTok, Instagram, Twitch, YouTube, etc. These social
media platforms, focusing on content/multimedia sharing, have enabled users to express
themselves in unique ways (text, photos, videos, etc.) to their followers (subscribers). To
continue content creation and also engagement, most of the platforms have also launched
creators’ funds and also allow content creators (users) to get incentives/money to create
such content [58, 125]. With social media content creation becoming an alternate source
for revenue generation, users are also focusing on creating exciting content and eliciting

attention and thus engagement from other users.



e6
Chronologically First Shock

n
o

1.0 ) . —— KM_estimate

05 km(
9]
0.0 S L —Shock

o
©

o
o

N
>

Past Trend

Number of Posts
Probability of Survival

|
I
o
o
N

-5 -i0 -5 5 0 15 0 10 20 30 40 50
Bin Number (Centered at the shock) Days since shock

(a) Example of Shock (b) RDiT (c) Survival Analysis
Figure 2.1: Our work discusses (a) detecting points of sudden increase in response known as
popularity shocks on users’ timelines; (b) Quantifying behaviour change due to popularity
shock in terms of change in posting frequency using RDiT(Regression Discontinuity in

Time); (c) Short-lived survival duration of effect of shocks and factors affecting it.

Users who become popular on these social media platforms are often termed as “in-
fluencers" or “micro-celebrities" [125, 32, 49]. Influencers, due to their popularity, have a
broad reach and have been studied in the past on swaying/forming attitudes about consumer
purchase intention [69], brand’s image [42] and perceived uniqueness [24], along with even
dietary behavior in children [113]. Influencers are also often contacted by different brands
for endorsing their products [125, 122]. Many studies have been done in understanding why
certain content and users who post them become popular [29, 33, 30, 76]. However, there
has been little or no study on addressing how viral users respond to their newly achieved
popularity.

On content sharing platforms, receiving sudden popularity due to specific content (or
a series of content getting viral) can be termed as popularity shocks. Popularity shocks
can be characterized as a sudden increase in feedback (i.e., views, likes, etc.). Previously,
popularity shocks have been studied towards Wikipedia pages because of an associated
event [132, 53], and Github repositories due to being highlighted by the platform [73].
However, the effect of popularity shocks on users’ content creating behavior has not been
studied in detail. Similarly, much work has been done in predicting posts that will go viral or
will become popular using initial dynamics [28, 133, 129]. However, little work has been
done in analyzing the after-effects of a post becoming viral or a user becoming popular.
Do users become more active on the platform after getting popular? Do users alter their
content or stick to the content that made them popular? How long does the popularity
shock last? Is popularity short-lived, or can it be long-term based on how user conducts
themselves? Answering these questions could have wide-reaching implications for all three
- the users, potential brands seeking influencers to partner with, and also the social media
platform itself. Studying users’ response to popularity shock can be insightful for (a) users,
who want to continue engagement, (b) brands, for identifying new influencers which align
with their values, and (c) social media platforms, for guiding new popular users on specific

interventions that can be related to education, design changes or guidelines.
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We ground our work in sociological theories related to social reinforcement and a sense
of reputation. A reputable theory in the field of behavioral psychology has been Operant
Conditioning [111]. Under this theory, an activity that earns rewards prompts an individual
to repeat that activity, and similarly, an activity that earns punishment makes the individual
more inclined to repeat that activity. In our context, if we treat receiving popularity, which is
quantified with high engagement from the community on users’ content, as positive feedback
(or reward), the user ideally will keep repeating the same behavior. Alternatively, if the user
received a popularity shock in a negative context, i.e., they were a recipient of a firestorm [60],
they might stop posting similar content. We also draw on the theoretical work carried out
in a more specific context of online communities [57, 98]. In one of the earliest analyses
of an online community, Rheingold hypothesized that desire for prestige is one of the key
motivators for individuals’ contribution to the community. Kollack re-emphasized this [57],
highlighting that increased reputation is one of the three reasons for individuals to contribute
content on online platforms. Contextualizing this in our work, popularity shock can be
viewed as a signal of increasing reputation and might prompt users to continue contributing
to the platform. Though these theories were proposed some time ago, rigorous empirical
evaluation/validation of these theories in the context of popularity on online social media
platforms have not yet been conducted.

In this paper, we study how do users’ behavior changes after a popularity shock in terms
of (a) frequency of posting, (b) the content, itself and (c) how long do they continue with their
altered behavior. We first characterize what should be considered as a popularity shock and
develop a method to identify popularity shocks from a user timeline. Using popularity shock
as an intervention, we use causal inference techniques to examine the change in behavior
from pre-and-post popularity shock. Next, we study the change in the content posted by
users under the effect of popularity shock. We leverage document embeddings [64] to model
the posted content mathematically. Finally, we investigate the expected duration for shock’s
effect and its dependence on other factors using survival analysis techniques.

Data and Code: We released the anonymized version of our data available at:

https://precog.iiit.ac.in/research/effect-popularity/

2.2 Related Work

Since our work is related to users’ response towards increased attention, our related work
flows from three main directions - (a) Effect of social feedback, (b) Attention Shocks and (c)
Popularity/ Virality Prediction.

Effect of social feedback: Positive reinforcement or feedback has been a popular area of
study among social scientists [103, 95, 104, 6, 79]. [103] demonstrated through experiments
on around 60 children through a bowling game that positive reinforcement led to improvement
in altruistic behavior in children, while punishment led to the opposite. This framework has

been studied extensively in various settings, such as effect of positive feedback on promoting
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safe behaviours in housekeeping [104] and effect on compliance following transgression [79]
as well as simulating motivations and future play of a brain training game [12]. In the
domain of online world, however opposite effect has been observed in the case of low quality
comments [16], where it was observed that negative feedback prompted users to continue
with writing low quality comments on news articles. Further, [15] how the community
perception of helpfulness of online reviews, influences consumer purchase decisions, and
how this helpfulness vote is itself determined by evaluations of the same product by the
community [22, 110]. Similar study has also been conducted for the effect of social feedback
on weight loss community [20].

Though there has been a lot of studies discussing social feedback, however very few have

tried to characterize how do users or actors in turn respond to extremely high and sudden
feedback in data-oriented fashion on a large-scale data.
Attention Shocks: Attention shocks are characterized as sudden attention being drawn
towards a specific entity (any author/artefact on social media platform). Examples include,
death of a celebrity leading to increased attention towards the celebrity’s wikipedia page [132].
[73] use the lens of organisation change to study the dynamics of change in behaviour of
contributors of a GitHub repository experiencing increased attention as a result of being
listed on the trending page. On Wikipedia, [132] observe increased participation of new
comers and study collaborator dynamics on pages in times of shock detected through Google
Trends, while [131] look into the changes in collaborative behaviour of editors due to shock
resulting from imposition of censorship in mainland China. Other works like [52] study
similar changes in case of breaking news articles on Wikipedia. [60] analyse shocks in form
of sudden bursts of negative attention towards controversial events called ‘firestorms’, and
use Twitter data to characterize the size and longevity of these firestorms.

Other works study the effect on online network structures under shocks. [53] suggest
the formation of complex but temporary collaboration networks of users during increased
editing activity on Wikipedia page of a diseased person and study their dynamics. Further,
[51] introduce a method of capturing collaboration structure of co-authors of a Wikipedia
articles and highlight the difference between such networks for breaking news articles, as
compared to traditional ones based on pre-existing knowledge.

Though attention shocks have been studied on online social media platform, to the best
of our knowledge, our work is the first attempt to study the behaviour of users whose posts
goes viral (i.e. the user who gets the shock). A minor characteristic that differs us from other
studies is that we are looking at shock as a sudden virality of the post, and the virality of
the post is mostly algorithm-driven (i.e. probably a mixture of recommendation algorithm
and “rich-gets-richer" theory). In comparison, other studies looked at shock which was more
exogenous i.e. appearance on GitHub trending page or death of a celebrity. Lastly, there are
inherent differences in nature of platforms being studied. While Github and Wikipedia are
collaborative platforms where users are often driven by non-monetary motivations such as

reputation and collective identity [73], users on such content sharing platforms are driven by
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monetary causes and for self-satisfaction. Thus there is clear distinction in intent of use, due
to which we can expect difference in user behaviour as well.

Though it is not highly aligned with our work, however there has been significant amount

of work done for predicting if a post is going to get popular or not, and hence we mention
about some of the efforts done to solve that problem.
Content Virality Most work in this domain is focused on predicting and characterising
virality of online content. [28] understands popularity trends for online user generated content
(UGC) in the form of online videos, and proposes a prediction model based on extremely
random ensemble tree to predict the popularity trends for Youtube videos. The SEISMIC
model proposed by [133] predicts the final number of reshares a post will recieve based
on the past history. The problem is modelled as predicting the final size of an information
cascade and performance is validated on a month of Twitter data. Other models like [127],
[80] have tackled the problem of virality prediction on Twitter and Flickr respectively.

Other works are inclined more towards characterizing virality and viral content. [129]
studies the virality and diffusion of memes on online networks. [76] seeks to identify features
in posts which are related to its popularity using a multi-modal approach. [30] aims to
characterize and understand popularity growth of videos, and what kinds of mechanisms
contribute towards popularity. The work also mentions presence of sudden bursts of popularity

on top listed videos.

Table 2.1: Number of unique users for each category (arranged in alphabetical order of

Category).

Category Hashtags Unique Users
Animals cats, dogs, pets 1666
Beauty/Makeup beauty, makeup, naturalbeauty, skincare 3052
Craft/DIY 5_min_craft, craftchallenge, diycraft, easycraft 1128
Dance dance, dancechallenge, dancekpop 2144
Education careergoals, education, learning, mindpower 2429
Entertainment entertainment 449
Fitness fitness, fitnessgoals, gym, weightloss, workout 3911
Food food, foodislove, foodrecipe, healthyfood, myrecipe 2815
Funny comedy, funny, meme 2632
Health wellness 558
Motivational advice, inspirational, lifehacks 2146
Music hiphop, music 1323
Pranks prank 667
Sports cricket, football, sports, tennis 2341

13



2.3 Theory and Research Questions

Kollock [57] hypothesized that there are three significant reasons for users to keep on
contributing to the social community - (a) anticipated reciprocity; user is generally motivated
to contribute or stay as an active participant in online communities in the expectation that the
user will receive helpful information when they are in need, (b) sense of efficacy; the users
might contribute information because they are rewarded with the sense that they contributed
something to the community [9]. The efficacy can also result in the self-belief that they have
a high impact on the community, hence providing the validation of their self-image as an
efficacious person, and (c) Reputation; most users want recognition for their contributions or
their efforts. As quantified by the number of unique impressions of their content, popularity
validates their content. This can be seen as an increase in reputation for the user based on
the high number of people that follow or subscribe to them. On the lines of Kollock, we
hypothesize that receiving a popularity shock (i.e., increase in reputation) will prompt users
to increase their activity on online social media platforms. ! Therefore, we ask the following
question:

RQ1. [Engagement Response to Popularity] Do users increase their posting behavior
after receiving popularity shock?

Another social theory framework that fits very well with our setting is that of operant
conditioning [111]. Skinner theorized that the reward for action leads the agent to keep on
performing the same action in anticipation of reward, and a punishment hinders the user’s
propensity to take that action. Again, operationalizing reward as the popularity shock, we can
hypothesize that users who received popularity shock will continue with the same behavior
that earned them the reward even in our setting. This brings us to the following research
question:

RQ2. [Content Response to Popularity] Do users alter their content post receiving
popularity shock?

In network science, the transition of network states and dynamics due to an external event
has been a topic of interest [132, 73, 53]. [74] argue that some of the network transitions,
and along with it changes in user behavior in these networks, are more permanent. Moreover,
some studies argue that networks bounce back after the event, and normal communication
ensues [60]. In our setting, we were interested in understanding how long the popularity
shock lasts.

RQ3. [Longevity of Effect] How long do the effects of popularity shock last?

For users who receive the popularity shock, it is imperative to understand what users can

do or how they should maintain their activity that can prolong the shock’s effect. Therefore

we ask the following question:

'In this work, we discovered that the popularity shocks were positive, analysis can be done if this popularity

instead was negative too.
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RQ4. [Sustained Shock Effect] What type of activity characterizes long-term sustain-
ability of effects of popularity shock?

2.4 Data Collection

Background: We collect data from popular multimedia sharing social media platform.” On
the platform, users can post multimedia content (images/videos) along with an associated
caption. Depending upon the privacy setting of the post and the user’s profile, other users
can view their content and engage with the content using platform-provided mechanisms
such as liking the content, commenting on the post, or resharing the post. By liking, a user
can express their positive response or acknowledgment, sharing works to amplify the reach
of content, and viewers can also express their opinions in the form of comments. Like all
other social networking platforms, the social platform understudy also provides functionality
that allows users to ‘follow’ other users on the platform. Besides this, the platform can
also grant a special ‘verified’ status to specific users based on their strong influence on the
platform or in the real world. Though we study a specific platform, we believe that a similar
methodology can be applied to any social media platform with similar mechanisms in place.
A cross-platform study on measuring this behavior and ensuring generalizability is one of
the promising future directions of this work.

Data Collection: We identify 14 generic categories related to commonly posted content on
the platform. From the list of these 14 categories, we curated a list of 43 popular hashtags.
The hashtag selection was made keeping the goal of generalization in mind, and hence
no hashtags related to specific entities (e.g., #ronaldocr7) were considered. The selected
categories and hashtags are described in Table 2.1. Approximately 4,000 posts per hashtag
were collected, coming from 21,224 unique users. Next, we collect posts liked by these
users and add the authors of the posts to our dataset to minimize any sampling bias due to
the collection strategy(which might be due to bias in the platform’s search functionality)
3. Finally, we had a total of 33,490 users. We collected the entire timeline of these users
and filtered out users who had less than 200 posts in their entire lifetime to ensure we had
substantial data for our analysis.

Following the filtering, our final dataset contains a total of 30,969 users. We describe the
data statistics in Table 2.2 along with distribution of number of posts across users in Figure
2.2.

For each post, we collected the following details of the post - (a) post id, unique identifier
for the post, (b) timestamp of when the post was published, (c) caption of the post, (d)
number of views the post received, (¢) number of likes the post received, (f) number of times
the post was reshared, (g) number of comments the post received and (h) user information -

all key statistics such as name, bio, etc. of the user who created the post.

Zname of the platform suppressed to retain anonymity and non-public API access.

3Data collection was done when the first and second authors were students at their respective institutes
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Figure 2.2: Distribution of Users’ Total Posts (Follows Power Law).

Table 2.2: Dataset Details.

Number of Users 30,969

Number of Posts 18,911,417
Timestamp of First Post | 7' Jan 2015
Timestamp of Last Post | 31* Dec 2021

2.5 Detecting Popularity Shocks

To answer any of the research questions mentioned above, we first need an algorithm that
can identify popularity shocks from a user’s timeline. Before going into the details of the

algorithm, we describe the assumptions we made to define popularity shock.

* We use the number of views as a proxy for popularity. Views give a more objective
metric of the reach or engagement as it is implicit, unlike other metrics such as the

number of likes, shares, or comments which require explicit action from the audience.

* A user might receive multiple popularity shocks throughout their career. However, we
only study effects due to the chronologically first shock the users receive. We do not
consider later shocks as the user would have already experienced some popularity until
that point. In this paper, we want to characterize the effect of the first popularity shock

when the sudden growth in popularity is unexpected for the user.

A desired shock detection algorithm should detect a sudden percentage increase in views
of the user, we should also account for absolute thresholds to avoid false positives caused by
the base effect. The first natural candidates for the task are time-series anomaly detection

algorithms like Z-score [14] or Facebook’s Prophet [117]. However, these algorithms consider
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time-series signals in isolation and do not account for global thresholds. To curb this, we
also experiment with a custom algorithm as presented in Algorithm 1.

We preprocess the timeline by binning the posts, where each bin is a period of consecutive
D (bin size) days. For each user, we iterate over the bins in chronological order (Line 6). We
maintain a running average of views of all the bins encountered so far (Line 13). Once we
have processed the bin (i.e., no more posts need to be counted for that bin), we compute the
ratio of views of the bin to the running average of bins before it. Note that we ignore bins
with no posts while computing the running average. This ratio needs to be higher than a ratio
threshold 6 for it to be considered a shock candidate. To account for the cases where the
running average is very low, we also consider the difference between current views and the
running average, which needs to be greater than the base threshold 1. Therefore, the first bin
satisfying these two conditions is classified as the popularity shock for the user. If no point
satisfies these conditions, we consider the user is without a popularity shock.

Ideally, keeping consistent with our shock assumptions, we want to capture the first post
at which user perceives they might have gotten popular. To evaluate our detection algorithm,
we conduct a verification experiment. We solicited annotations from long-term social media
users, who were asked to independently look at the view timeline of 100 users and mark
what they deem as the first instance a user would have felt popularity shock. The annotators
had a Fleiss’ Kappa score [31] of 0.60, which indicates moderate agreement [63]. Each
sample was annotated by 3 annotators, and a clear majority was received in 93 instances
out of 100. We compared the efficacy of our proposed approach with baselines of z-score
and Prophet algorithm using the ground truth set. Predictions were obtained across a range
of hyper-parameters for all algorithms, best achieved results are shown in Table 2.3. Our
proposed shock detection algorithm performs the best and is used to detect popularity shocks

in our further experiments.

Table 2.3: Shock detection accuracy against the manually annotated ground truth. Proposed
algorithm outperforms other baselines.

Algorithm  Accuracy

Z-Score 23.6%
Prophet 42.5%
Proposed 66.6%

The percentage of users we can discover having a popularity shock with different values
of 6 and 1 is presented in Figure 2.3. Note that, we report results with hyper-parameters
D=1, 0 =50,n=1.5M, unless specified. However, we experimented with multiple values

of 6 and 1, and results stay consistent over reasonable values of these thresholds.
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Figure 2.3: Heatmap representing percentage of users detected with a shock for different
values of 8 and 1 for D = 1. 0 is the minimum ratio of views in the bin to the running

average, while 7 is the minimum difference between the two, for detecting shocks.

2.6 Effect of Popularity

RQ1 seeks to quantify the change in posting frequency of a user due to the shock received.
We do this using a causal inference technique called Regression Discontinuity in Time
(RDIT) [41].

Regression Discontinuity Design (RDD): Introduced by [119], RDD is a quasi-experimental
technique to measure the effects of a treatment or intervention. The population receives
the treatment having the value of running variable X above a certain threshold known as
the ‘cut-off” point, and data is checked for any jumps or discontinuities in the outcome
variable Y around the cut-off. Previously, RDD has been widely used in fields such as
Economics [66] and Psychology [17]. Specifically, on social media studies, RDD has been
analyzed previously to quantify the effect of obtaining a GitHub badge on users’ posting
frequency [92], on the effect of the introduction of Facebook ‘“People you may know" feature
[74], and also on the effect of averaging rounding stars on Yelp [68].
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Algorithm 1 Shock Detection Algorithm
1: function DETECTSHOCK(posts, D,0,1)

2: bins < bin_data(posts,bin_size=D)

3: shock + —1

4: n < length(bins) > Total number of bins
5: run_avg = views(bins[1])

6: for iin2tondo

7: ratio < views(bins[i])/run_avg

8: diff < views(bins[i]) — run_avg

9: if ratio > 0 and diff > 1 then

10: shock <— 1

11: break > break at the earliest shock
12: end if

13: run_avg < mean(views(bins[1:1]))

14: end for

return shock > if shock is -1, no shock found

15: end function

Acknowledging that time being the running variable might cause some of the assumptions
of traditional RDD not to hold, we use a variation of the RDD framework called Regression
Discontinuity in Time (RDiT) proposed in [41], in which time is the running variable and
a fixed point in time is taken as the threshold. RDiT conceptually differs from the regular
RDD on the following fronts:

* While RDiT aligns with the ‘discontinuity at cut-off” interpretation of RDD, the ‘local
randomization’ interpretation may not hold as the time assignment can not be taken as

entirely random around the cut-off.

* Unlike RDD, sample size can not be grown arbitrarily with smaller bandwidths. Due
to this, data points far from the cut-off need to be included, which can introduce biases

due to changes in unobserved confounders over time.

* Including covariates becomes far more critical to control biases since the assignment

of treatment and control groups is not entirely random around the cut-off.

Our methodology: To model our problem using RDiT, we define our running or forcing
variable X as the bin index (signifying time) and outcome variable Y as the number of posts
done by the user in the bin X. The shock bin is assigned index 0; subsequently, index +i
denotes the i bin after the shock, while the index —i denotes i bin preceding the shock.
The cut-off point ¢ is X = 0, where the shock occurs. Then, treatment group is defined
as {(X;,Y;) s.t. X; > 0} and control group as {(X;,Y;) s.z. X; < 0}. We also control for the

following covariates in our regression design:
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* Intensity of shock: To account for variation in treatment, we control for the intensity
of shock obtained in the preceding bin. The intensity is the value of the ratio variable
for the bin as in Algorithm 1. We take the logarithm of this variable.

» Age of User: As receiving a popularity shock at different stages of users’ online life
might have different effects. We control for the number of days since the user’s first

post.

We then fit models separately on the two groups using regression. We only use W bins
before and after the shock bin to fit the lines to avoid any effects of future shocks. On
obtaining the equations of the two lines, their values at the cut-off point are predicted, which
are used to calculate the discontinuity at the cut-off. Formally, let ¥; o and Y, o be the values
at the cut-off for the treatment and control lines respectively, then discontinuity at the shock
d is given by d = Y; o — Y. . From the equation, it can be seen that a positive d corresponds
to an increase in the frequency of posting after the shock as compared to before and vice

versa.

2.6.1 Effect on Posting Frequency

We tried to estimate the effect of popularity shock on the posting frequency of user post-shock
using RDiT. We quantified the intervention to occur at the time-point where we detected the
popularity shock. Further, we count the total number of views that the user received each
day before and after the shock. Note that this corresponds to setting D = 1 in Algorithm 1.#
In Figure 2.1b, we visualize the effect on posting frequency. The x-axis clearly shows the
time before and after the shock. To aggregate the effect across all users, we compute the
number of posts done by the user each day subtracted by the average number of posts done
by the user in the past 15 days (this is done to maintain a consistent scale across users). Then,
the average is taken across all users(including covariates) and curves as fit. The vertical
dashed line shows the day on which popularity shock was observed. As mentioned above,
we fit two linear regression models.’ The first model is for the average number of posts
done before the popularity shock, and the second one is for the average number of posts
after the popularity shock. We see a significant difference between the intercept and the
slope for both the regression models. The discontinuity at shock (d) estimates how users are
changing their posting behavior pre- and post-shock. This is measured as the difference of
the predicted number of posts done at the shock by the two regression models (intercept of
the second model - intercept of the first model). We note that for all values of W, we observe
positive discontinuity, implying a positive effect on the number of posts made by the user

after receiving popularity shock. Both of these slopes are significantly different and hint

4Important to note that here, we also experimented with various values of D, 6 and 1 and achieve similar
results.

SWe also experimented with higher order polynomial regression models, and results were consistent.
Although we do observe overfitting in some cases.

20



towards a significant effect due to shock. Looking at the regression fits and the magnitude of
discontinuity, we make the following observation:

Observation 2.1 (Increased Posting) Users increase their posting behavior post shock.

Observation 2.2 (Short-Term Gains) Though users increase their posting behavior post

shock, it also quickly decays off, as time progresses.

Note that while the trend of the fit of the model pre-shock is positive and post-shock is
negative - this could be due to the sensitivity towards our shock detection algorithm. Our
shock detection algorithm works by binning the posts and classifying if a particular bin is
a shock bin or not, and also, the algorithm takes into account total views rather than the
average number of views. Therefore, users might be posting a high number of posts that
were getting a sizable number of views (lesser than our threshold) until eventually tipping on

the next bin and satisfying our threshold.

2.6.2 Significance of Result

We perform following checks as mentioned by [41]. 1) We control for observable confounders
to remove biases and account for variation in treatment. 2) We perform a Placebo Test to
ensure no discontinuity at points where there should not be any. [45] suggests checking
for any discontinuities at the median values of the running variable for the sub-samples
corresponding to either side of the cut-off and using standard errors to test for no discontinuity.
We do this test only for the sub-sample below the cut-off, as the points above our cut-off
may have discontinuities due to potential future shocks. Say the shock occurs at the s'* bin
from the start, then we check for any discontinuity at %’ " bin. We observe significantly less
discontinuity and overlap between 99% CI intervals, implying no observable discontinuity.
3) We check for robustness of our results towards window size and polynomial order. 4) We
fit regression lines without controlling for covariates and observe similar results, indicating
no time-varying treatment effects.

Note that, as suggested in [41], the McCrary density test [77] is not valid when time is
the forcing variable. However, we argue that there is no manipulation in our case as users’
can not preempt an imminent shock due to lack of knowledge of platform recommendation
algorithm and the large magnitude of our shocks (50x more views with 1.5M difference).

2.6.3 Effect on Posted Content

In RQ2, we aim to determine if users alter the content they post after receiving a popularity
shock. We characterize the content by using the posts’ captions. The posts’ captions can be
noisy, so we take appropriate steps to develop a consistent representation from the captions.
First, we preprocess the hashtags present in the caption by removing the ‘# symbol from

every hashtag and then use wordsegment® library to segment these hashtags into separate

Shttp://www.grantjenks.com/docs/wordsegment/
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Table 2.4: Results showing similarity of content for before and after the shock to the
shock(*™*p < 0.001).

Time Period All Users
Sim(Pre, Shock) Sim(Post, Shock)

7 0.625+£0.22 0.714 £0.17***
30 0.656 £0.21 0.699 £0.20"**

High Discontinuity Users

7 0.645+£0.24 0.730+£0.20"**
30 0.670+0.21 0.7324+0.19"**

words in order to extract their semantic meaning. Following this, we compute the similarity
between the content posted in two time periods (set of bins). We represent the captions of
all the posts done in that bin duration using a single feature vector and then measure their
similarity. We use document embeddings to come up with the representation. We convert
every post into a single vector using the document embedding of its caption. We leverage
doc2vec [64] to generate embeddings.

Subsequently, we obtain a single vector representation for a time period by averaging
the document embedding vectors corresponding to a set of posts from that temporal bin.
We use cosine similarity to compare vectors formed using document embeddings. Cosine
Similarity yields a score between 0 and 1, with 1 representing the same vectors. With the
above experimental framework, we compare content posted in the shock bin with that of W
bins just before and after the shock to capture the change around the shock. We also perform
the analysis for users whose discontinuity in posting frequency lied in Top 25 percent. Based

on the results in Table 2.4, we make the following observations:

Observation 2.3 (Post Shock Similarity) Users, post-shock generate more similar content

to the shock inducing posts.

Observation 2.4 (High Discontinuity Similarity) Users who increase their positing fre-

quency more, also tend to stay more closer content-wise to the shock related posts

We can observe from Table 2.4 that similarity of doc2vec embeddings between post-
shock and shock is significantly higher than similarity between pre-shock and shock. We
use significance test and obtain p < 0.05 to show that these two values over all users is
significantly different.

2.7 Sustainability of Popularity

In both RQ 3 and RQ 4, we try to answer the questions related to the sustainability of the
popularity shock. For both of the questions, we leverage survival analysis [83]. Survival
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Analysis is a popular multivariate event history modeling technique that focuses on estimating
the average hazard rate of an event under consideration at a given time and also corresponding
relative strength of the effect of different factors on this hazard rate, where hazard rate can be
defined by h(t) = W. Cox proportional hazard model [18] can be used to estimate
this probability and the coefficients of the regression h(t,X) = 0(¢) exp(B7 X) using partial
likelihood, without making any assumptions about the baseline hazard rate.

Our observation period for a particular user starts from the bin where the shock occurs.
We define our event of interest as the point in time post the shock where there is no difference
in activity level compared to pre-shock level. Specifically, we rely on the number of views to
compare post-shock and pre-shock levels. We say that the increased response due to shock
has faded away if we discover B consecutive bins with the number of views less than K. We
set K as the 10% of the views obtained in the shock bin. We set the value of B as 3.

2.7.1 RQ3: Longevity of Shock Effect

In RQ3, we study how long the effect of a popularity shock lasts. We plot in Figure 2.1c, the
survival curve for users to demonstrate the longevity of effect on shocks. From the curve,
we observe that the effect of shock dies down rather quickly for most users. For 50% of the
users the effect fades away in the first 5 days itself, while it ends for 90% of the users within
39 days of the shock. This implies that it is extremely difficult to maintain response levels

observed during the shock for an extended period.

Observation 2.5 (Shock Longevity) Popularity shocks are short-lived. The increased re-

sponse received by users goes down to pre-shock level very quickly after the shock.

2.7.2 RQ4: Sustaining Shock Effect

In RQ 4, we model the factors on which the longevity of shock effect depends as well as the
effect and extent of the dependence. To do this, we build on existing survival model, and use
Cox Proportional Hazards regression model [18] to quantify the effect of different factors on
survival.

Factors affecting survival: We are specifically interested in understanding what a user
can do to prolong the effect of popularity shock. We hypothesize the following factors:

1. Posting frequency: The frequency of posting represents how eager a user is to create
and post more content after the popularity shock. It can be hypothesized that high
posting frequency could indicate users trying to be more active on the platform and
trying to engage highly with the new audience that the user has got access to. We

operationalize this by the total number of posts a user does in a bin.

2. Similarity in Consecutive Posts: The change or variation in the content that users post
could be indicative of how versatile the user is in adapting their content to the needs of

their audience. A user might have got popular due to a specific type of content and keep
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Table 2.5: Dependence of Shock Effect survival on other variables using Cox Regression
(" p < 0.001).

Covariate HR (St Err) LR Chisq
Avg. Likes 0.90 (0.01)**  292.43**
Shock Intensity 1.13 (0.03)*** 80.59***

Posting Frequency 0.86 (0.01)**  1047.9***
Similarity between 6.54 (0.03)* 2734.3]1 ***

consecutive posts
Similarity of posts 0.38 (0.04)***  37.57 ***

with shock post

posting it in the hope of a similar response. However, this may lead to repetitiveness in
content, and the audience might lose interest. Our analysis operationalizes this by the

average cosine similarity between all posts in consecutive bins.

3. Similarity with the shock content: The similarity between the shock-related content and
the current content is an indicator of how much the user has digressed from the content,
which leads to their popularity. Viewers often start associating users with a specific
type of content, and thus deviating too much from that may cause disengagement from
their audience. We model this as the average cosine similarity of content posted in a

bin with the shock content.

Though these are the factors that we are interested in, we also control for the following
variables, which could affect the longevity of the effect.

* Effect of feedback: The amount of feedback received by a user on the posts user created
after popularity shock is indicative of the engagement levels of the user’s audience.
We measure this by introducing three variables - (a) Number of likes, (b) Number of
shares, and (c) Number of comments. Since these variables are highly correlated, we

only use the average number of likes in the regression model.

* Intensity of shock: Another factor that needs to be controlled as to what was the
magnitude of the shock. Higher the intensity of the shock, higher will be the survival

chance for it.

We report the results of Cox proportional hazard regression model in Table 2.5.

Observation 2.6 (Constant Posting) Maintaining high posting frequency helps keep retain-
ing the long-term effect.

Observation 2.7 (Similarity in Content) Users deviating away from the content which got

them to the shock have shorter survival times of shock effect, at the same time having high
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similarity in consecutive posts can lead to repetitiveness which again causes the survival to

go down.

Observation 2.8 (Engagement) On audience side, high engagement from audience helps
maintain the effect of popularity shocks.

2.8 Discussion and Implications

2.8.1 Research Questions

In this paper, we focused our analysis on popularity shocks. We started with four research
questions related to the effects of popularity shocks, longevity, and sustainability of the shock.
Specifically, RQ1 tries to study the effect of popularity shock on users posting frequency.
From the RDiT results, we discover that users increase their posting frequency after the shock
compared to before. However, as time passes, the posting frequency starts to decrease. RQ2 is
concerned with analyzing how does a user changes the content that they post after popularity
shock. We find that not only do users alter their content after the shock, the post-shock
content is also more similar to the content which leads to the shock, as compared to before.
Thus, we conclude that popularity shocks indeed induce a behavior change in users who
experience them. We are interested in understanding the longevity of the popularity shock,
and hence we ask the RQ3. We used survival analysis to answer this question. We observe
that most shocks are short-lived, i.e., the shocks reduce to 10% of their shock intensity within
5 days for 50% users. For RQ4, we were interested in knowing the factors that enhance
the sustainability of popularity shock effects. We discover that repeatedly posting the same
content as well as deviating away from the shock content cause low shock survival. Finally,
high posting frequency and high response received from the users lead to more prolonged
shock effect survival.

It is also worth discussing that a popularity shock or virality may not always occur
in a positive connotation. Such shock can also indicate hate or networked harassment (i.e.
negative attention) towards the creator [67]. Similarly, increased content posting frequency
can be attributed to the author apologizing, explanation, or clarifications. Such hateful
phenomenons can adversely affect the mental health of the creator [94] and cause instability
in the community [10]. Though our work is centered only on positive popularity shocks, a
potential extension to our work can be to categorize shocks into positive or negative and

analyze their effect on the creator’s behavior.

2.8.2 Implications

Our paper provides numerous insights and observations into phenomena of popularity shocks.
These insights form the basis for several implications for all three - (a) advertisers, (b)

platform designers, and the (c) users.
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Adbvertisers, or brands can adjust their marketing campaigns by understanding which
users are behaving in a particular fashion that will lead to lasting popularity levels. They
can also use topical information to identify if popular users identify more with their brand’s
content or not.

Platforms can utilize the insights from the study to devise algorithms for their trending
pages. As popularity shock is found to increase users’ engagement with the platform, enhanc-
ing attention towards dormant users can cause them to resume to increase their activity. Our
content similarity results also show that such shocks can cause homogenization of content
on the platform.

Users can learn the behaviors which lead to sustaining the effect of popularity shock.
This can help them keep their increased engagement and benefit from the shock for a longer

duration.

2.8.3 Threats to Validity

Like any quantitative study, our work is subject to multiple threats to validity. In this section,
we attempt to list biases, data issues, and threats to the validity of our study by following
the framework proposed by [93]. First, our work is based on a single social platform, and
though it works and leverages features available on multiple social platforms, similar results
do not have to hold. One possible point of differentiation could be that each platform has a
different recommendation algorithm for recommending content to its users. However, the
effect of recommendation algorithms on our results should be minimal since we study the
effect of receiving a popularity shock by the user whereas, the recommendation algorithms
primarily determines who and how big of a shock user will get. Our data can also suffer
from representativeness - we use just a limited set of users who posted using a limited set of
hashtags. This data representation could be significantly different from the general population
on the platform. Another data issue that theoretically casts clouds on the analysis is that
the number of views, likes, and comments are retrospective, i.e., they are not computed in
real-time while they are the numbers on the platform at the time of data collection. Though
we believe the practical effect on our results is limited since the majority of impressions on
social media posts are received soon after posting [133]. For further validation, we tracked
daily view counts of 1,374 randomly sampled posts for the first 10 days after posting and
found that 70% of total views were received in the first 2 days. Additionally, we did perform
two analyses - regression discontinuity and survival analysis. We ensured that our data and
modeling choices hold the assumptions, but there might be some unobserved confounders that
we might not have considered. Finally, our statistical modeling required multiple parameters
related to the operationalization of theories in sociology literature. Some of these parameters
might not be capturing the factors that we intended to capture or that the theories proposed.

This work forms the basis for various future works related to popularity shocks. First
of all, the work can be extended to a more generalized population and more social media

platforms. Similarly, extending to different users could also open the potential to study the
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effect of user personality or user type on how they respond to popularity shocks. Another
significant improvement in this work could be by leveraging matching techniques to match
users who got popular with similar content with users who did not get popular and then
record average responses. This was not possible in our current work due to multiple reasons -
(a) limited data and (b) the presence of too many confounders to create a propensity model
for popularity prediction.

2.9 Conclusion

We performed a large-scale analysis of the effect of popularity shocks on users. Grounded
in operant conditioning and increased sense of reputation, our results confirm the extent
to which popularity shock leads users to post more and modify their future content to be
more similar to the content that made them famous. Similarly, on analyzing the longevity
of this shock, we discovered the short-lived nature of the shocks and the effects of various
posting behaviors on shock longevity. We also provide factors that users could leverage for

sustaining increased engagement post-popularity shock.
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Chapter 3

Effect of Feedback on Drug Consump-
tion Disclosures

Deaths due to drug overdose in the US have doubled in the last decade. Drug-related
content on social media has also exploded in the same time frame. The pseudo-
anonymous nature of social media platforms enables users to discourse about taboo
and sometimes illegal topics like drug consumption. User-generated content (UGC)
about drugs on social media can be used as an online proxy to detect offline drug
consumption. UGC also gets exposed to the praise and criticism of the community.
Law of effect proposes that positive reinforcement on an experience can incentivize the
users to engage in the experience repeatedly. Therefore, we hypothesize that positive
community feedback on a user’s online drug consumption disclosure will increase
the probability of the user doing so again. To this end, we collect data from 10 drug-
related subreddits. First, we build a deep learning model to classify user-generated
content as indicative of drug consumption offline or not. We analyze the extent of
such activities. Further, we use matching-based causal inference techniques to unravel
community feedback’s effect on users’ future drug consumption behavior. We discover
that 84% of posts and 55% comments on drug-related subreddits indicate real-life
drug consumption. Users who get positive feedback generate up to two times more
drugs consumption content in the future. Finally, we conducted an anonymous user
study on drug-related subreddits to compare members’ opinions with our experimental
findings and show that user tends to underestimate the effect community peers can

have on their decision to interact in drugs.

3.1 Introduction

In 2019, 70,630 people died due to drug ' overdose in the US alone; this number has almost
doubled from 38,329 in 2010 [90]. The US president declared the drug crisis as a national
public health emergency in 2017.2

'In this paper, the term “drug” represents illicit substances and not generic medical drugs.
Zhttps://www.cms.gov/About-CMS/Agency-Information/Emergency/EPRO/Current-

Emergencies/Ongoing-emergencies
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A similar increase has also been observed in drug-related user-generated content on
social media. The number of unique users in /Drugs has gone up by 324% between 2012 and
2017 [71]. Anonymity and limited content moderation make Reddit® an appealing platform
for participating in unfiltered conversations on shared interests.

Though drug-related conversations on Reddit vary widely in their purpose, we are
particularly interested in content that indicates offline drug consumption by a user.* These
can be content where a user directly talks about their experience with consuming drugs, e.g.,
Just downed this bad boy! 473mg tonight, wish me luck boys! Sometimes content may not
talk about a drug experience directly but indicate the intent of drug consumption, e.g., /
recently got two orange pyramid geltabs and was wondering if I should never handle them
like tabs or if they are ok to touch a little bit. These content pieces are interesting because
they are online proxies for authors consuming drugs offline. Hereafter, we call user-generated
content (post or comments) like these drug consumption activity.

An increasing amount of research has used Reddit to study various drug-related problems
like drug abuse [44], forecasting drug overdose [81], transition into drug addiction [71],
patterns of drug use and consumption methods [8], and geospatial patterns in drug use [7].
Though all these studies shine a light on the various patterns of drug consumption using
digital data, none of them quantify the effect of the platform and community itself on drug
consumption behavior. Research has shown online community feedback has an effect on
multiple facets of users offline behavior like weight loss [19], physical activity [2], smoking
and drinking relapses [116], quality of user-generated content [16] and involvement in
open-source projects [123].

To fill this gap, we seek to quantify the effect of the platform and community on drug
consumption behaviour. We collect data from 10 drug-related subreddit; develop a deep
learning classifier to label activity as indicative of drug consumption or not, to quantify the
extent of drug consumption activities. Further, grounded in Primacy Effect [4] and Operant
Conditioning Theory [112], we use propensity score matching [115] to quantify the impact
of community feedback on the magnitude of future drug consumption activity posted by a
user. Finally, we conducted an anonymous user study on our subreddits of interest to collect
members’ acknowledgment of drug consumption and opinion on the effect of community
feedback on their subreddit and drug consumption behavior.

We discover that (1) deep learning classifiers can identify Reddit content indicative of
drug consumption (macro F1 79.54), (2) 80.29% of users in drug-related subreddits have
indulged in drug-consumption offline, which is in line with the response received in our user
study, (3) 84.2% and 54.4% of all posts and comments posted on drug-related subreddits
are indicative of drug consumption; (4) users’ who receive positive feedback (comments or

score) from the community on drug consumption activity tend to generate up to two times

3nttps://www.reddit.com

“Disclaimer: We do not oppose the existence or the way these subreddits function - as they can be helpful for
support and harm reduction. Similarly, we do not view drug consumption negatively or condone it, as a sizable
population might be indulging in it due to therapeutic or other social factors.
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more drug consumption content in future, and finally (5) user’s under-estimate the effect of
community feedback can have on their decision to interact in drugs.

In summary, our main contributions are:

1. To reveal (using 10 subreddits) the causal effect online community feedback has on

users’ offline drug behavior.

2. A manually annotated dataset (4,000 samples) and deep learning classifier to detect

social media content indicative of offline drug consumption.

3. An anonymous user study of drug-related subreddits members to compare community

opinion with our statistical findings.

Our work impacts researchers, platform owners, and community moderators, providing a
fertile base for developing harm-reduction research and tools. Our classifiers can be used
to detect social media content indicative of drug consumption, providing opportunities for
demographic-specific censoring or intervention. Our causal inference results and experiment
setup can help platforms/communities design different methods of showing and providing
feedback that can lead to harm reduction.

Data and Code: Subreddit data is available via Pushshift APIL. > Our annotated dataset,
user study responses, and modeling code is available at https: //do%. org/ 10. 5281/
zenodo. 6041837.

3.2 Theories and Research Questions

Individuals prefer to present an idealized version of themselves; this phenomenon is known
as Impression Management and is used to improve social standing among peers [35]. Leary et
al. [65] showed that individuals indulge in voluntary risk-taking activities like consumption
of drugs, distracted driving, unprotected sex to improve impression among peers. Hogan
[43] extends the concept of impression management to social media. He states that social
media users can use status messages and media posted by them as a tool for impression
management.

Subreddits are communities where having a positive impression/reputation can lead
to various tangible and non tangible benefits like status, moderator privileges, Karma®
and trophies. Thus we expect users could post drug consumption content to improve their
impressions. Hence, we ask our first question:

RQ1. [Extent] What is the extent (i.e. percentage of content, and users) of content
indicating offline drug consumption in drugs-related subreddits?

Our second research question is grounded in the Primacy effect, the tendency to remember

the first piece of information [4]. For e.g., people’s impression of an individual is dependent

Shttps://github.com/pushshift/api
Shttps://reddit.zendesk.com/hc/en-us/articles/204511829-What-is-karma-
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on the first traits they encounter [4]; probability of recalling initial items in a list is higher
[86]; people have a more vivid memory of their first romantic encounter, achievements, and
even losses [27]. The primacy effect can cause anchoring bias, leading to skewed decisions
relaying heavily on the initial information [121]. Building on these theories, [107] proposed
outcome primacy, proving long-lasting effects of the first experience. We hypothesize that
the community feedback on the first drug consumption post can affect the user’s future drug
consumption and posting behavior.

RQ2. [First Experience] How does the community feedback on first drug consumption
post affect users’ future drug consumption?

Besides feedback on the first experience, user experience can also be dependent on law
of effect, actions that are closely followed by satisfaction are more likely to reoccur [120].
Based on this principle, Skinner et al. proposed Operant Conditioning [112]. It states the
probability of acting in the future is a function of the outcomes received in the past. Positive
reinforcement will incentivize the user to repeat an action in the future. Similar behavior is
observed in the context of social media, e.g., more number of comments on post leads to
higher weight loss [19], increased social media interactions lead to higher steps in activity
tracking apps [2] and community feedback affects the quality of future posts [16]. Grounded
in these theories, we expect continued positive feedback can affect a user’s future drug
consumption activity. We therefore ask:

RQ3. [Feedback] How does continuous positive community feedback affect users’ future
drug consumption?

Before studying the causal effect of feedback, we need to be able to detect drug consump-
tion activity. An essential prerequisite to our work is building a classifier that can predict
users’ drug consumption in the offline world via user-generated textual content. A popular
methodology in Natural Language Processing (NLP) is to learn dense representations of
text. Mikolov et al. [82] proposed a neural algorithm to learn text representations based on
word co-occurrence, which outperformed classical token-based representation in a variety of
classification tasks. Vaswani et al. [124] proposed an improved model architecture called
Transformers based on self-attention [106] to learn contextually aware dense text representa-
tions. Transformer-based large pre-trained models [25, 70] have provided an efficient base
to perform classification on a variety of tasks and data sources. We build a deep learning
classifier based on these architectures, asking:

RQA4. [Detection] Can we use Reddit textual data to classify between drug consumption

and non-drug consumption content? How accurate is such a classifier?

3.3 Related Work

Our work is about the effect of social media community feedback on users’ drug consumption
behavior. Our related work flows from three directions - (1) Drug studies leveraging social

media, (2) Causal inference using online data, and (3) Self-harm behavior on social media.
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Drug Studies on Social Media: Ease of data availability and many active communities
around drugs have enabled a variety of related research. [71] built a machine learning
classifier trained on textual features to identify users at risk of addiction and transition into
drug recovery. They further use survival analysis to identify how much time it will take
to undergo the transition. [8] used Word2Vec [82] similarity to curate a list of words used
by Reddit users for different drugs, Routes of Administrations (ROA), and drug tampering
techniques. Using the list, they rank the popularity of various drugs and ROAs. They report
that between 2014 to 2018, the popularity of synthetic drugs like Fentanyl and unconventional
ROA:s like rectal administration of drugs has increased, whereas a decline has been observed
in conventional ROAs like inhaling and injecting. [7] filtered all activities of users on
drug subreddits to extract location information and study the geospatial patterns of drug
consumption in the US.

Besides Reddit, [44] used deep learning ensemble models to detect drug abuse in tweets
and [81] used community attentive neural networks to forecast drug overdoes using informa-

tion about crime dynamics.

Causal inference using online data: Traditionally, researchers have established randomized
controlled trials to establish causations. However, due to logistically and ethical concerns,
such trials are not always feasible; e.g., it is not ethical and legal to make subjects consume
illicit substances to study feedback’s effect. For such studies, research has utilized publicly
available online data. Additionally, the Internet provides a large volume of data, which is
logistically impossible to obtain from controlled physical experiments. Careful filtration and
analysis of large online data can help us simulate a randomized control trial [101].

[19] showed that positive feedback from the online community could help users lose
more weight. [2] studied data from an exercise logging application and found increased social
connections on the platform caused higher physical activity in the offline world. [116] used
survival regression to establish a causal relation between linguistic cues from user-generated
content and smoking or drinking relapse. [55] used social media posting behavior to identify
alcohol consumption and academic success of college students. Their analysis proved a
causal relationship between high alcohol consumption and poor academic performance. [23]
unveiled the causal relation between user’s vocabulary and suicidal tendency.

Online data have also shown effects in opposition to expectations, e.g., [16] showed that
negative community feedback leads users to create even worst quality posts in the future
rather than improving. Repercussions of feedback are topic and community dependent. Lack
of literature analyzing feedback in drug and self-harm communities makes it an important

area to study.

Self-harm behavior on social media: In the context of impression management, it has
been shown that users tend to take part in self-harm activities like drug consumption and
unsafe sex to improve social standings [65]. An increasing number of users are getting
involved in dangerous social media challenges like the KiKi Challenge [5], the Salt and
Ice Challenge [102], the Cinnamon Challenge [38], Tide Pod Challenge [87], and the
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Fire Challenge [1]. [61] analyzed public Snapchat data from 173 cities around the world,
revealing 23.5% of total 6.4 Million samples were examples of distracted driving. They
performed demographic analysis to reveal that young males from the Middle Eastern and
Indian subcontinent are more likely to produce distracted driving content. Similarly, [88, 59]
analyzed deaths caused by taking selfies in dangerous situations like elevation, near water-

bodies, or with firearms.
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Figure 3.1: (a) Perecentage of drug consumption content across subreddits. Values derived
from proposed model are indicated by bars, and * shows values from manual annotation.
(b)&(c) are distribution of % posts and % comments indicating real world drug consumption
per user. (d) Distribution of propensity logits before (top) and after (bottom) matching.

3.4 Data Collection and Dataset

We use Reddit, a widely used social media platform. Reddit is formed by a collection of
communities called subreddits. As of October, 2021, Reddit has 52 Million daily active users
and 3 Million subreddits.” Subreddits are largely allowed to moderate their own community
posts and the anonymity allowed, makes it a suitable platform for relatively unfiltered
discourse compared to other social media platforms. Each subreddit is built around a specific
topic. Users post content related to their interest and fellow users can comment on these posts,
which creates a thread. Users can also upvote and downvote a post or comment, though only

the total aggregate of votes is visible to the users called score.

"https://backlinko.com/reddit-users
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Table 3.1: Statistics about the data collected.

Subreddit # of # of # of # of Users
Post Comments Users  with Post
LSD 343,346 2,658,323 266,185 138,073
MDMA 113,030 1,022,810 103,900 55,149
Benzodiazepines | 107,264 794,141 55,823 32,887
Stims 84,049 710,692 51,848 24,440
DMT 81,860 753,570 79,215 35,005
DXM 60,555 486,052 30,989 18,795
Currentlytripping | 17,388 50,757 19,540 6,650
2¢cb 9,258 83,642 11,348 5,317
TripSit 7,780 76,329 16,267 5,609
TripReports 2,148 10,991 3,791 1,659

Reddit has several subreddits built around the topic of drugs. Wiki page of #/Drugs
maintains a list of popular drug-related subreddits.® These subreddits contain different
facades of drugs like addiction, recovery, cultivation, and experience. Some are drug agnostic
like r/tripreports whereas others are drug specific like /MDMA or r/LSD. We manually
audited all the subreddits in the list and filtered 10 subreddits (see Table 3.1), which is either
(1) based around users sharing personal drug consumption experiences or (2) has a popular
flair® indicating offline drug consumption.

To obtain the data from Reddit, we use the Pushshift API. For each subreddit, we
collected all the threads made from the inception of the subreddit. Each thread contains
the original post, the comments made, and scores for all activity in the thread. In total, we
collected 826,905 posts and 6.6 Million comments made by 493,906 unique users. Only

269,059 unique users at least have one post. Table 3.1 provides a summary of statistics for
each subreddit.

3.5 User Study Design

The impact of our research can be dependent on two factors. 1) Do the users actually consume
drugs in real life, and 2) Analyzing causal inference results in light of members’ perception
since it can dictate the design of the effective intervention and education strategy.

To this end, we conduct a voluntary anonymous user study with members of 10 subreddits
we are studying. Necessary permissions from the Institute’s Review Board and moderators of
subreddits were obtained before conducting the user study. Firstly, participants were asked to
acknowledge (Yes or No) if they consumed drugs during their active period on the subreddit.

Later, they were asked a series of questions about how much impact community feedback,

$https://www.reddit.com/r/Drugs/wiki/subreddits
9h't'.tps ://www.reddit.com/r/help/comments/3tbuml/whats\_a\_flair/
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number of comments, and score have on their future participation in subreddit and drug
consumption. Each question could be answered on a 5 point Likert scale, 1 being No Impact
and 5 being Essential. User study questioner can be accessed at https: // forms. gle/
yRqRT1SPbgGIp2gN8. Total 45 users participated in our study. Results of each component
are presented with the corresponding computational results.

3.6 Detecting Drug Consumption Content

To understand the extent of drug consumption behavior (RQ1), we first need to identify
which user-generated content indicates drug consumption in real life (RQ4). Past research
has assumed being active on drug-related subreddit as a proxy of drug consumption [71, 8, 7].
Though this may be true in most cases, users can also join the community as bystanders,
for research purposes, or to help others. Hence, considering mere participation as a proxy
of drug consumption is a weak assumption. Some subreddits have flairs that indicate drug
consumption, but adding flairs to post is voluntary, and users may choose not to do so.
Moreover, comments do not have a flair but still can indicate drug consumption. Towards
solving this, we build a classifier that can mark posts and comments as indicative of drug
consumption or not. Henceforth, we will use the term activity to represent user-generated

posts or comments.

3.6.1 Ground Truth Annotation

To build a classification model, we need to have a ground truth dataset of activities labeled
as drug consumption or non-drug consumption. The goal is to mark a sample as positive if it
indicates the author consuming drug offline. We sample 4,000 user activities for annotation.
To ensure a well-distributed ground truth, half of the samples were posts, and half were taken
from comments. Further, a uniform split is maintained across all 10 subreddits.

Annotation Guidelines: Annotators were provided with the text content and title (in
case of posts) of an activity. An activity should be annotated as drug consumption in case of
self-disclosure by the author, or if clear indication of author’s possession/intent to consume
drugs is present. For example:

o Self-disclosure: Haha I had a bad trip off 30mg and weed first time but can’t wait to

try smaller doses.

* Intent to consumption: I'd be up for a distanced experience with a stranger (s) Just

itching to get out of this awkward routine....

* Drug possession: I'm thinking about dissolving it in some alcohol and putting it in

empty caps, not sure it will be better...

Annotators were also given a list of drugs street names and slangs used in drug-related

subreddits to assist the annotation process [8]. Each sample was annotated by 3 annotators
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independently. We obtain a Fleiss-kappa [31] agreement rate of 0.69, which signifies sub-
stantial agreement [63]. An activity was marked as drug consumption if 2 or more annotators
agreed.

Dataset: 2,614 (65.32%) of 4,000 samples were marked as drug consumption, 79.35%
of posts and 51.30% comments were marked as positive, respectively. Since comments are
made in response to posts providing specific information, feedback, or expressing gratitude,
a lesser positivity rate of drug indication than posts is expected. We make our annotated data

public for future use. '°

3.6.2 Deep Learning Classifier

We randomly split the manually labeled dataset into a train and test set of 3,200 (2,091 drug
consumption, 1,109 non-drug consumption) and 800 (523 drug consumption, 277 non-drug
consumption). Five-fold cross-validation is performed on train set to tune models, and final
models are evaluated on the test set.

Model: Performing text classification with a combination of neural models and dense
text representations has become a norm in NLP. Following the same, we experiment with
different types of neural network models combined with contextual and non-contextual
text embeddings. Our first model is a single channel one-dimensional convolutional neural
network (Text-CNN) [56]. Input text for the Text-CNN model is vectorized using pre-trained
Google News corpus Word2Vec embedding [82].

Transformer-based large pre-trained models with their ability to capture sentence context
have achieved state-of-the-art performance on a variety of NLP tasks [124]. Leveraging
that, we experimented with BERT, a model built using bidirectional transformers and pre-

trained on masked language model, and next sentence predictions tasks [25]. We also built a

Table 3.2: Drug consumption classification performance.

Macro Macro Macro
Model Accuracy
Precision Recall F1

5-fold cross validation

Text CNN 7351 £3.10 78.79£1.82 63.28 £5.78 62.34 +7.28
BERT 83.79 £1.03 82.13£1.15 82.22+1.29 82.14+£1.16
RoBERTa 83.16 £0.95 81.724+1.32 8096 +£1.15 81.22 4+0.98

Test set
Text CNN 78.65 77.52 73.71 74.89
BERT 81.27 79.51 78.67 79.05
RoBERTa 81.90 80.43 78.89 79.54

Onttps://doi.org/10.5281/zenodo. 6041837 (anonymous link for double blind review)
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Table 3.3: Performance of proposed model across subreddits on test set. Sorted by Macro F1

Score.

Macro Macro Macro

Subreddit Accuracy
Precision Recall F1

TripSit 88.24 88.77 88.24  88.19
DMT 89.53 88.14 87.35  87.73
Stims 84.72 84.70 83.28  83.82
Currentlytripping 82.35 81.60 84.47  81.79
LSD 82.93 82.11 81.21  81.60
2cb 84.71 78.58 81.35  79.77
DXM 85.86 77.92 81.80  79.55
TripReports 78.57 78.15 7847  78.26
Benzodiazepines 82.35 86.24 71.17  74.09
MDMA 76.92 74.44 69.30  70.68

classifier based on RoBERTa [70], an optimized version of BERT. Table 3.2 reports 5-fold
cross-validation performance of all the models.

Training Details: Our model is trained using Adam optimizer with the learning rate of
3X10~*, batch size 64, and utilized dropouts for regularization. We train models for 100
epochs with early stopping and checkpointing the best-performing model on the validation
set. The training was performed on an Nvidia RTX 3090 GPU. Our code is available publicly
for reproducibility and future use purposes.'?

Validation and Robustness of Classifier: To further validate the generalizability of our
models, we validate its performance on the test set (not used in the training step). Table 3.2
provides performance of all models on test set. Our best model achieve a macro F1 score of

79.54. Table 3.3 provides performance numbers of our best model across subreddits.

3.7 Extent of Drug Consumption

We want to discover the extent of content on drug-related subreddits that indicates offline
drug consumption by the user (RQ1). We use the proposed classifier to generate predictions
for all the activities (posts or comments) that are not already marked as drug consumption by
a flair or subreddit. We found that 84.2% of all posts and 54.4% of all comments indicate
drug consumption by the user. Figure 3.1(a) shows the percentage of drug consumption
posts and comments for each subreddit individually. % in the Figure indicates the drug
consumption percentage observed in our manual annotation. A consistent slight difference
between predicted and annotated drug consumption percentages shows the proposed model’s

robustness across subreddit and content types.
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Further, We found that across 10 subreddits, 80.29% of all users in our dataset have
consumed drugs. This is echoed in our user study findings too, where 84.4% participants (38
out of 45) acknowledged consumption of drug. As shown in Figure 3.1(b) 90% — 100% of
posts for most users are indicative of drug consumption offline. The distribution of user’s
comments is less skewed, centered around the 60%-70% (Figure 3.1(c)). This proves a strong
proxy between user activity on drug-related subreddit and drug consumption in the offline
world and signifying the importance of studying the platform’s impact on users’ future online

and offline activity.

Observation 3.1 (Extent) About 80% of total users in drug-related subreddits had con-

sumed drugs in real life. This is inline with the data received via our user study.

Observation 3.2 (Extent) 84% user-generated posts and 54% comments indicate drug
consumption. For majority user 90%-100% of their posts and 60%-70% of comments

indicate offline drug consumption.

3.8 Causal Analysis

In RQ2 and RQ3, we aim to understand the causal effect that receiving positive feedback on
drug consumption posts has on the users’ future drug consumption activity. To this end, we
use Propensity Score matching, a causal inference model shown to reduce bias compared to
the naive correlation analysis [46].

In the potential outcome framework [89], the “effect” of an experience on the outcome is
formalized as an outcome Y;(T = 1) after a person i had the target experience T, i.e., treated,'!
and outcome Y;(7 = 0) when the same person in the same circumstances has not received
the treatment. The causal effect of the experience T is estimated as Y;(T = 1) — ¥;(T =0).
However, it is impossible to have the same individual receive and not receive treatment
simultaneously. Propensity score matching attempts to overcome this challenge by observing
the outcome on two different individuals, one treated and the other control but having similar
treatment probability and confounders.

Feedback Threshold: In our case, treatment is the feedback received on a drug consump-
tion post which is measured by the number of comments and scores received. Conventionally,
treatment is a binary variable (e.g., vaccine administered or not), and hence the assignment
of treatment is trivial. However, in our case, treatment is a continuous variable. We use hard
thresholds (0) to divide feedback into positive or negative and present results across various
values of 8. Averaged across our 10 subreddits, 80% of drug consumption activities receive
less than 1.1 £0.3 comments and 2.9 & 1.13 scores. To ensure robustness and generalizability

in results, we experiment by varying our 8 from 2 to 6, both inclusive.

In causal analysis literature, the subject who received the target experience is called treated and becomes
part of the Treatment group. Whereas users who do not receive the target experience are refereed as Control

group.
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Group Assignment: In RQ2, we analyze the treatment outcome on a user’s first-
ever drug consumption post. User is assigned to the treatment group if their first drug
consumption post receives positive feedback. Additionally, in RQ3, we aim to study the
effects of continuous feedback. A user at their n' drug consumption post is assigned to the
treatment group if all their past drug consumption posts, including n’”, have individually
received positive feedback. We experiment with values of n between 1 to 6, both inclusive.

Propensity Model and Matching: After group assignment, we need to find pairs of
users who have a similar likelihood of receiving treatment, but one is treated, and the other
is not. In our case, given drug consumption post n and feedback threshold 6, propensity
model estimates P(n feeqpack > 0). Latent confounders encoded in linguistic and content
characteristics, past feedback, and volumes can affect a post’s feedback. In our experiment,
we account for all these confounders while matching to create balanced treatment and control
groups.

Multiple recent social media causal inferences studies have used text-based models for
propensity estimation [16, 114, 23, 55, 105]. Most of these studies use a combination of n-
gram features and Logistic Regression to train the propensity model [54]. However, recently
[128] showed that choice of model architecture for text propensity model could induce bias
in causal inference results. They experimented with a wide range of text representations
(n-grams, LDA, contextual embeddings) and architectures (Logistic Regression, Simple NN,
and BERT-derivatives) and found that BERT-based models were least prone to induce bias.

Considering [128] findings we use pre-trained RoOBERTa [70] model for propensity
estimations. Since subreddits may have different community dynamics and rules, separate
models are trained for each subreddit across the range of feedback thresholds.!? Size of
training data was capped at 10,000 samples. An 80 : 20 train test split was used for evaluation.
Accuracy and macro F1 of our propensity models varied for subreddits between 57.8% to
89.2% and 43.3% to 70.1% respectively. It is important to note that a propensity model
aims to build a descriptive selection model and not a predictive model [101], and hence, the
importance of classification performance is secondary [55]. Further, [128] demonstrated that
a highly accurate propensity model could induce bias in the estimation of the causal effect.
Therefore, we move forward with propensity models having moderate performance.

Matching: Each user in treatment group is matched with one user from control group
with similar propensity score. Generally, given a propensity score p, matching is done on
logit(p) (Equation 3.1). A pair is considered as a good match, if difference of logit(p) is

less than a caliper value as defined in Equation 3.2 [40].

logit(p) = In (ﬂp) 3.1)

caliper =0.25 x o (logit(p)) (3.2)

2 Training parameters were similar to those presented in Section Detecting Drug Consumption Content.
Training code is present in our code repository https://doi.org/10.5281/zenodo.6041837
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For a given treatment user, we filter all control users with /ogit(p) difference less than
caliper value and then conduct a greedy search to find the nearest value. Matching is done
in a one-to-many fashion.

Apart from propensity score, frequency and feedback on past posts should also be

balanced as confounders [16]. We ensure balance by matching the n'"

drug consumption post
made by both users, and treatment is only assigned if all the drug consumption posts from 1
to n individually receive positive feedback.

Quality of matching: Finally, to ensure the treatment and control group after matching
are statistically similar, we use standardized mean difference (SM D) also known as Cohen’s

D [115] defined as: -

SMD — Xtreatment — Xcontrol (33)

2 2
Oireatment +G(-
2

ontrol

Here, X and o represent mean and standard deviation, respectively. To ensure matching
quality SMD is preferred over p-value hypothesize testing since it conflates changes in
balance with changes in statistical power [115].

In literature, where text propensity models are built on n-gram features, SM D balance
check is conducted on n-gram vectors [19, 55, 105]. Since our propensity model is deep
learning-based, we use feature vectors extracted from the last hidden layer of our model to
conduct a balance check. We evaluate the SMD distribution of feature vectors before and
after matching for treatment and control users. A confounder is considered to be balanced if
SMD is less than 0.25 [115].

Effect Size: Once we have our treatment and control groups statistically balanced upon
confounders, effect of treatment can be calculated on the matched pairs. Estimated average
treatment effect (EATE) is calculated as:-

N (Y:(T=1)—Y;(T=0))%100
Zz':hj:l Y;(T=0)
N
EATE gives an average percentage increase in the treatment group’s outcome compared

EATE = 3.4)

to the control group’s outcome. Since the distribution of the treatment effect can be skewed,

we report median values instead of mean.

3.8.1 Feedback on First Drug Consumption Post

We study the effect number of comments received by the first drug consumption post has on
future drug consumption activity volume (RQ2). A user is assigned to a treatment or control
group based on the number of comments received on their first drug consumption post. '3

We experiment with comment thresholds (6) between 2 to 6.

13Note that the first drug consumption post here represents the first post of the user which indicative of offline
drug consumption in the subreddit. We do not claim this to be the user’s first encounter with drugs in life.
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Figure 3.2: Matching quality for 1/LSD, n;, 8 = 4. Distribution of confounders’ SMD before
and after matching. After matching SMD for all confounders in < 0.25 indicating good
quality matching.

We discover users who received positive feedback on first drug consumption post, gener-
ated upto 100% more drug consumption content in the future compared to the users in the
control group. These results are statistically significant, evaluated using Kolmogorov-Smirnov
test [75] and consistent across different treatment thresholds and subreddits. Table 3.4 shows
EATE of n; for all the subreddits calculated on 8 = 4. Figure 3.2 shows change in con-
founders SMD and Figure 3.1(d) changes in [ogit(p) distributions before and after matching
for w/LSD n;, 6 = 4.

3.8.2 Continuous Feedback on Drug Consumption Posts

Additionally, we check the causal effect when a user continuously receives positive feedback
on drug consumption posts (RQ3). We repeat the matching experiments to evaluate the EATE
of the same outcome when the user receives consecutive positive feedback on their first n drug
consumption posts i.e. all 1 to n drug consumption posts got positive feedback individually.
Averaged across our 10 subreddits, we observe 80% of the users posts less than 6.9+ 2.5 drug
consumption activities in our time of observation. We experiment with values of n between 2
to 6. Table 3.4 shows the results for 8 = 4. We observe that treated users performed a higher
number of drug consumption activities in the future. Our results are statistically significant.
However, we do get insignificant results for experiment configurations with high values
of 0 and n due to the lack of enough matching pairs. This is more pronounced in smaller
subreddits. However, we never receive a statically significant result that conflicts with our

hypothesis.
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3.8.3 Score as Feedback

We also conduct all configurations of our experiments with the score as the treatment variable.
Just as with comments, we receive consistent and statistically significant results; an increase
in future drug consumption activity for treated users. Table 3.4 show results for 6 = 4.

To ensure robustness we experiment across a wide range of parameters (60 = [2,6],n =
[1,6], comments and score as feedback) for each subreddit, leading to ~ 600 experiment con-
figurations. Due to lack of space, it is not feasible to present results of all the configurations in
the paper. Complete results and statics of matching quality (before and after confounder SMD
distributions), EAT E, number of treatment control pairs, and statistical significance across all
configurations are available at https: //do%. org/10. 5281/ zenodo. 6041837 (anony-
mous link for double blind review).

Observation 3.3 (Increased Volume) Positive community feedback on drug consumption

posts (first and continuous) causes an increase in future drug consumption activity.

Though causal inference shows a significant impact of community feedback on users’
future participation and drug consumption, the impression of community members in our
user study differs. Participants, on average, reported a little to moderate impact of community
feedback on their behavior. On a 5 point Likert scale (1=No Impact, S=Essential the average
response was 2.28/5 for scores and 2.53/5 for comments. Such phenomenon of users
under-estimating the effect of external factors on their participation in self-harm activity to
maintain an “illusion of control” is well studied in the social psychological theory Layng’s
edgework [72]. Understanding the contrast between user opinion and statistical findings is
vital to designing effective intervention and harm-reduction strategies.

Observation 3.4 (Effect Underestimation) Users on drug-related subreddits tend to un-
derestimate the effect community feedback has on their future engagement and drug con-

sumption.

3.9 Discussion

Research Questions

We begin our analysis with RQ1 which aims to understand the extent of content in drug-
related subreddits indicating drug consumption by a user in the offline world. Such content
pieces provide a strong proxy for online-offline interaction of drug consumption and help
quantify the prevalence of such self-harm behavior on social media. We discover that 84.2%
of all posts and 54.4% of all comments posted on our observed subreddits indicate offline
drug consumption. According to our model predictions, 80% of users have indulged in drug
consumption, which is in line with the user acknowledgment we obtained from our user

study. This distribution is consistent across subreddits irrespective of the subreddits theme
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Table 3.4: EATE of feedback threshold (6) 4 on the number of future drug consumption
activities. n; represents the i/ drug consumption activity done by an user. Positive feedback
consistently leads to a higher volume of future drug consumption activity. Lack of enough

treatment users lead to statically insignificant results in some configurations.

‘ Comment > 4 ‘ Score > 4

Subreddit ‘ n ny ns3 ny ns ng n ny n3 ng ns ng
LSD 50.0%* 444 3567 250 35.0°  37.0% | 500" 333 375 333 539 0.0
MDMA 75.0% 529 50.0%% 2765 50.0°%  TL4™t | 414 538 50.0° 411 640  129.9
Benzodi-

enzoct 750" 5007 35.0% 527 333 30.0° | 500" 750" 667" 1333 1833" 266.6"
azepines
Stims 82.6*  63.6"  42.8%  40.0°* 375 6847 | 3847  30.0° 519" 123  —13.3 158.7"
DMT 6677 40.07*  30.0%*  20.5° 250 2670 | 43.6™ 322 333 523 282 470
DXM 66.6* 333 4557 333 200 472 | 333" 273 417 589  109.4* 857
Currentl

YT 1 60,0 100,07 255.0 316 4653 1033.3 | 50.0"  60.0%°  50.0°*  100.0"*  37.0  142.9°
tripping
2¢cb 100.0"* 500 500 21.5 0.6 299 | 100.0** 833" 2667 167.8 281.0  206.4
TripSit 80.0"* 500~ 335 143 250 175 | 333" 500 —94 2763 200 N/A
TripReports | 100.0°* 444 417 214 —625 N/A | 143 1500 3500 2333 NA  NA

Note:***p <= .001,"* p <= .01,* p <= .05. N/A means no matching pairs for the configuration.

(drug experience or not) or drug type. In fact, for most users, between 80% to 100% of their
posts indicate drug consumption.

Primacy effect is a cognitive bias that explains people’s tendency to depend on first
experiences and impressions while making decisions. We validate does primacy effect holds
for the users of drug-related subreddits. For social media users, feedback from the community
can provide tangible and intangible benefits like gratification, a sense of belonging, special
moderator status in the community. Thus in RQ2, we use propensity score matching to
infer the causal effect positive feedback on first drug consumption post has on future drug
consumption. Validated across different thresholds, we found that users who receive a high
number of comments on first drug consumption post showed up to 100% increase in drug
consumption in the future.

Operant conditioning framework further expands the effect of feedback stating positive
reinforcements can lead to repeated actions and habit building. In RQ3, we validate this by
expanding our causal inference experiments to include continuous feedback received on drug
consumption posts generated later in the timeline. We observe, similar to the first experience,
receiving a continuous positive community feedback on drug consumption posts leads to an
increase in magnitude of drug consumption activity. Observing RQ2 and RQ3 in tandem,
we hypothesize that the feedback on the first drug consumption post can act as a “gateway”
for the user; continuous feedback on later instances “reinforces” the habit. Together, positive
feedback incentivizes a user to produce higher volumes of drug consumption content and, as
a proxy, increased self-harm in the offline world.

Our user study unveiled, users perception of community feedback’s impact on their
behavior is less than what is observed statically. Discrepancies like this have been studied in

psychology literature [72] and can pose a danger to users well-being.
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Finally, to answer our research questions, we need to classify subreddit activities (posts
or comments) into indicative of drug consumption or not. Leveraging the large scale data
available, to answer RQ4 we train a deep learning classifier capable of classifying activities
into offline drug consumption or not with high precision and recall. We further validate the
robustness of the proposed model by evaluating performance on the test set spread across
subreddits.

3.9.1 Implications and Ethical Considerations

All subreddits involved in our work list harm reduction as one of the community’s primary
goals. We believe our models and findings have direct implications for community moderators
and platform designers involved in harm reduction interventions.

Feedback based: One of our key insights is increased drug consumption activity by users
who received positive community feedback. Thus communities can experiment with different
strategies of showing feedback, like only showing counts, partial, or rate limited feedback and
quantify the reduction in said effect. Our insight and models can also help design community
feedback guidelines regarding limiting community interactions on specific activities.
Intervention based: User’s feedback history combined with our proposed deep learning
classifier can help in monitoring drug consumption activity at an user or cohort level. High-
risk individual(s) can be detected, and timely interventions like notifying, community reach
outs, or restricted activity can help in reducing overall self-harm.

Some interventions may also have adverse effects; hence, more experimentation is
required before moving forward. We acknowledge that tracking user data and restricting
platform usage patterns can violate privacy and freedom of expression. However, our work
does not aim at providing specific intervention methods. Instead, we provide necessary
insights, data, and models that researchers and community moderators can use for further
work based on every community’s rules and ethics.

Resource based: A variety of research can be conducted on these platforms to understand
and prevent the harms caused by drug consumption. However, the validity of any such work
is dependent on ensuring that the online content provides a strong proxy for offline drug
consumption. We open-source a manually annotated dataset and our pre-trained models from

drug consumption classification to enable further research.

3.9.2 Threats to Validity

It is always challenging to ensure generalizability while analyzing pseudo anonymous online
data. Our analysis is also susceptible to these challenges. Firstly, our data is collected through
Reddit, which can have biased representations in terms of geography, gender, and age. Further,
though we experiment with 10 different drug-related subreddits varying across size, time,
drug, and community objective, some other subreddits or social media platforms may not
follow our insights. Finally, the users posting about drug consumption online may themselves
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not be a fair representation of the population engaging in drug consumption. However, since
these people are consuming drugs and publicly generating content about it, we believe it is
an important demographic to study if we aim to understand the online-offline connection of
drug consumption behavior.

In our analysis, user-generated drug consumption content is used as a proxy for offline
drug consumption by the user. Since our data source is online, we do not have any way to
ensure that the user did consume the drugs. We use data spread across various communities
and long timelines adding up to millions of activities reducing the possibility of large
scale tampered data. Further we perform a voluntary and anonymous user study in same
communities to get acknowledgment of drug consumption. Our analysis and user study
responses are based on the belief that users are not putting out false experiences.

Our experiments do not account for the sentiment of comments received to prevent errors
in sentiment identification propagating to causal inference results. Due to drug/self-harm
content dynamics, off-the-shelves sentiment models can cause unforeseen biases. A potential
future work can be to train topic-specific sentiment models and observe their effect on the
outcome.

Additionally, we control multiple contents, user, and community confounders while
setting up our causal inference pipeline. However, there is always a possibility of unaccounted
variables leaking into the causal inference outcomes. Finally, the sample size of our user
study is small. Though this does not affect the primary statistical findings of our work, a

more extensive and exhaustive study is desirable.

3.10 Conclusion

Our study investigates user-generated content indicative of drug consumption in the offline
world. Specifically, we collect publicly available data from 10 drug-related subreddits and
analyze the extent of drug consumption activity in these communities. First, we build a
text-based deep learning model to classify user activities into drug consumption or not.
Adapting from the sociology literature of feedback, we aim to test if the theories proposed for
the offline world are also applicable to the behavior of posting drug consumption content on
a social media platform. We put forth multiple RQs related to feedback’s extent and causal
effect on such behavior.

In summary, we observe that the majority of content posted on drug-related subreddits
indicates drug consumption in the offline world, and the volume of such content is rising
exponentially. Further, we discover that users who receive positive community feedback
on drug consumption content tend to generate higher volumes of similar content in the
future, though users seem to underestimate this effect as shown by our user study. We believe
that the observation made in our work can help to design online feedback mechanisms and

interventions to reduce self-harm caused by such behavior.
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Chapter 4

Social Re-Identification Assisted RTO
Detection for E-Commerce

E-commerce features like easy cancellations, returns, and refunds can be exploited by
bad actors or uninformed customers, leading to revenue loss for organization. One
such problem faced by e-commerce platforms is Return To Origin (RTO), where the
user cancels an order while it is in transit for delivery. In such a scenario platform
faces logistics and opportunity costs. Traditionally, models trained on historical trends
are used to predict the propensity of an order becoming RTO. Sociology literature has
highlighted clear correlations between socio-economic indicators and users’ tendency
to exploit systems to gain financial advantage. Social media profiles have information
about location, education, and profession which have been shown to be an estimator of
socio-economic condition. We believe combining social media data with e-commerce
information can lead to improvements in a variety of tasks like RTO, recommendation,
fraud detection, and credit modeling. In our proposed system, we find the public
social profile of an e-commerce user and extract socio-economic features. Internal
data fused with extracted social features are used to train a RTO order detection model.
Our system demonstrates a performance improvement in RTO detection of 3.1% and
19.9% on precision and recall, respectively. Our system directly impacts the bottom

line revenue and shows the applicability of social re-identification in e-commerce.

4.1 Introduction

Over the last decade, e-commerce adoption has proliferated rapidly [91]. Such growth
is fueled by convenience that e-commerce can provide over brick and mortar, e.g., large
product selection, lower prices, same-day shipping, and hassle-free returns and cancellations.
Though convenience features attract customers, they can sometimes cause significant business
challenges; one such case is Return-to-Origin (RTO). RTO as depicted in Figure 4.1 is a
scenario when a customer orders a product and then cancels while it is en route. RTO leads

to two kinds of losses in a system:-

* Logistical cost: This is the cost of shipping the product till the point of cancellation in

the supply chain and then returning it to the warehouse safely and restocking it.
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¢ Opportunity cost: In the time while the product was ordered and canceled, this
product unit became unavailable to order by another customer who would accept the

delivery.

Though business accounts for potential revenue loss while offering functionality like RTO,
an increased rate of RTO by uninformed customers or bad actors can cause unanticipated
revenue losses totaling double-digit million dollars annually. Hence it becomes necessary
to develop a real-time system that can predict the likelihood of the order being subjected to
RTO at the time of checkout. Prediction of the model combined with other attributes like
customer history, and available stock of the product can be used to initiate precautionary
measures that can mitigate RTO risk. Naturally, the data used to build such a system would
be, the historical pattern of RTOs at a user and product level. However, a system built on
these features is limited in its capability, especially for new users and product categories.

Literature has shown that socio-economic attributes of customer can be an indicator to
identify the likelihood of a person being involved in activities like electricity theft [96], false
insurance claims [118], or mortgage fraud [13]. Public social media profiles can be used to
estimate socio-economic features [62]. Adding features from social media profiles has shown
improved results in a variety of tasks, e.g., identifying transaction fraud [48], the credibility
of online information [39], hate speech [21], and propensity to participate in risk-taking
activities [61, 65]. Grounded in the aforementioned literature, we hypothesize that enriching
historical data with publicly available social data of a consumer will lead to a performance
improvement in RTO prediction.

The first step for our experiments is to re-identify the social profiles of a given user. The
problem of social re-identification is studied widely [47, 130, 108, 84, 85]. Though most
literature relates to retrieving matches between two social media platforms with a notable
exception of [36], our task is slightly different, where we need to match profiles between a
social and an e-commerce platform.

In this paper, given an e-commerce user, we find the relevant public social profile and

show that the fusion of social information with historical trend data improves the performance

o %
v v

Delivered RTOed Canceled
¥ Order canceled by user

Figure 4.1: An order becomes Return to Origin (RTO) when the user cancels an order after it

has been shipped from the source location.
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of RTO prediction by 3.1% increase in precision and 19.9% increase in recall. Our work
has direct implications for e-commerce platforms where a system like this can prevent loss
of revenue. Additionally, our study demonstrates that combining social information with

internal platform data can be a valuable tool for improving downstream tasks like RTO.

4.2 Data and Social Re-Identification

In this section, we first provide the details of our ground truth RTO dataset, followed by
social re-identification candidate extraction (§ 4.2.2) and validation (§ 4.2.3) steps.

4.2.1 Ground Truth Data

We can extract ground truth from all past orders and their subsequent outcomes of the e-
commerce platform. Orders are subjected to multiple internal models during checkout, which
can induce unintended biases in the data. To prevent this, 5% of all orders are randomly set
aside, as the control set, where no intervention is applied. Further, we extracted the cash on
delivery orders from the control set, because we observed that orders with cash on delivery
are more prone to RTO. All our experiments and benchmarking are performed against this
set. Our experiments are performed on 6 months (November 2021 - April 2022) of data. First
5 months of data is used for training, and the following 1 month is used as a test set.

We ensure that our study design does not breach the privacy terms and conditions of our
platform, or of the social media platforms used. As an extra layer of prevention, experiments
shown in this work are performed only on users who explicitly decided to make their name
and city locations' public on the platform. After all filtration, our final dataset includes 6,881
orders placed by 2,121 unique users. Out of all, 2,201 (32%) orders were RTOed.

4.2.2 Potential Candidate Extraction

The initial step of user re-identification is to reduce the infinite search space of social profiles
to a few candidate profiles for a given user. Querying social media platform’s search engine
using the name and location of a user has been shown to narrow the candidate pool effectively
[47, 36]. For every unique user in our dataset, we create a search query of format <user
name> <city name> and retrieve results from the social platform’s search engines and a
leading web search engine. Top 10 results of the query are used as candidate profiles.

We use a popular professional networking social media platform as a source of our social
data; since, along with general information, such platforms have specific information that
can reflect socio-economic indicators. Only data explicitly made public on the platform by
the user is collected and used. Out of total 2,121 unique users, we found potential candidate

profiles for 1,091 users.

1Used for social re-identification, see § 4.2.2
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4.2.3 Social Re-Identification

Literature shows that different social profile attributes like name, location, network, and
language features can be used to find a match from candidate profiles [108]. Considering
the asymmetry between e-commerce and social media platforms, all these attributes are
not available on both the platforms. However, we are in a unique position to access various
locations a user has ordered from in the past. [36, 99, 126, 34] showed that matching various
location information in a user’s profiles with candidate profiles can find correct matches with
a high probability.

We perform candidate filtration using two attributes viz. names and locations. Firstly, any
candidate profiles whose names do not match the source user are rejected. In the second step,
given a source user u, we extract from the orders history a set L,,, defined as {l; 2 lﬁ}
where [/ is the i city u placed a order at. For each potential candidate profile of u, a similar
location set L¢, is defined as {lLl A2, l{,”} where ¢ denotes a candidate profile and ' is a
city location mentioned in ¢’s social profile.

The Match score of candidate profile ¢ with u (¢S) is defined as the ratio of location in
social profiles also present in the source user location set. While calculating the intersection
between the set of city names fuzzy matching was used to account for slight variation in

spellings and syntax of city names. E.g., Delhi vs. New Delhi, or Bangalore vs. Bengaluru.

oo lnL
7

A candidate profile is considered a match if ¢ is above a predefined threshold 6. A user

4.1

can be classified into three categories based on the number of matches received. ‘No match’
for users where no candidate profiles had a score above 6, an ‘Exact match’ where exactly 1
candidate profile had the matching score above 0, and ‘Multiple matches’ in which case we
found more than one candidate profile who had match score above the threshold. Table 4.1
shows the percentage of users in each of three categories for different values of 8. Users in
the ‘No match’ category were removed from the modeling step. In case of ‘Multiple match’,
final feature value is obtained by averaging over all the matches. Results shown in this paper
are calculated using 8 = 0.6, results for varying values of 8 were consistent and are omitted

due to lack of space.

4.3 RTO Model

We discuss the features used by our proposed model, the types of modeling techniques we

experimented with, and the evaluation metrics used.
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4.3.1 Features

We broadly divide the features used into three categories; 1) past trends, 2) social profile
quantitative, and 3) social profile abstractive. The first category is derived from internal data,
and the other two are extracted from social profiles.

Past trends: These features are derived from historical data. Each sample includes the
ratio of RTO vs. total orders over the last 3 months and 1 year for the user, products in
order, seller, and product category. Apart from this, location is also a robust socio-economic
indicator; therefore, we extract the same trends for pin code, street, and city mentioned in
the delivery address. Further, we observed a correlation between the RTO rate and the order
time (specifically the hour and weekday). Hence hour of the day, weekday, and respective
past trends are added to the feature list.

Social profile quantitative: As we identify social profiles for a user, we extract if the user
is a student, number of jobs, number of educational degrees, and number of friends and
followers. The count of jobs/degrees may not always be a good indicator of someone’s
professional position since some people spend a long time in the same jobs, whereas others
often switch jobs. Pertaining to that, we add two features counting the total years a user has
spent working and in education.

Social profile abstractive: We have extracted social features related to the quantity of
experience and education of users. Research has shown that institutions of education and
programs studied can significantly impact career success [100]. Similarly, two people with
the same years of job experience can have widely different buying propensities based on
what roles they are pursuing at which organizations. We hypothesize features capturing user’s
education institutes and job roles can assist in RTO prediction. Recently, contextual language

models pretrained on large volumes of data, have captured and exploited complex relations

Table 4.1: Results of social re-identification for varying values of matching threshold 6.

Match Exact Multiple No
Threshold 6 Match Match  Match

0.1 81.49 18.51 0.00
0.2 81.31 18.51 0.18
0.3 79.58 18.51 1.91
0.4 76.21 18.41 5.38
0.5 71.01 18.41 10.57
0.6 68.92 17.68 13.40
0.7 65.91 17.50 16.59
0.8 64.63 17.41 17.96
0.9 64.36 17.41 18.23
1.0 42.57 17.41 40.02
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well for downstream tasks [26, 11]. Following this, we extract the latest education institute,
and the course pursued by a given user and pass this textual information via a pretrained
Sentence-BERT [97] model to generate 387 dimension vectors. A similar vector is also

created for the Job organization and designation the user had while placing the order.

4.3.2 ML Modeling

Most of our data is tabular making tree-based ensemble methods like Random forest and
XGBoost the default choice. Recently, attention-based architecture like Tabnet [3] has been
proposed claiming to outperform traditional tree-based models. We present results on both
types of models.

Figure 4.2 shows our training setup. In the tree-based models, 387 dimension vector
obtained for job and education are decomposed to lower dimensions using UMAP [78] to
prevent overfitting. The final dimension after decomposition is treated as a hyperparameter.
Finally, decomposed vectors are added to the table of quantitative features as columns
and fed into the model. When experimenting with deep learning-based models, tabular
features are passed through Tabnet to generate a feature embedding. Generated embedding is
concatenated with sentence-BERT embeddings (see § 4.3.1) and passed into a series of fully
connected layers. All models are hyperparameter tuned using random search over; 4-fold

cross-validation over the training data is used for parameter selection.

4.3.3 Evaluation

We use precision and recall to evaluate the performance of our models, but at a large scale,
even very small improvements in model performance can lead to measurable revenue benefits.
Additionally, traditional metrics may not always fit well in business discourse. Highlighting

this, we define a metric named Goodness on which our models are evaluated.

L] L . L

Social abstractlve —
(S-BERT 387 vector) L

%ﬁ%ﬁ
Internal data s

Random Forest / XGBoost —l | | | | L
Social quantitive

(0L¥)d

19NgeL

P(RTO)

Figure 4.2: Our training architecture. In the case of tree-based models (on the left), all three
feature sets are concatenated to form the input. While training deep learning models (on the
right), tabular features are encoded via Tabnet and concatenated with S-BERT embeddings

before being passed into a feed-forward neural network.
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Goodness : It reflects the improvement in recall performance. Defined in Equation 4.2,
it calculates the reduction in the ratio of RTO orders after being evaluated by the model.
Multiplication with 10* is performed to convert value into Basis Points (bps), this improves

readability even while observing quantitatively small improvements. A higher value is better.

Goodness = < L I i |PP’eda"dTme|> x 10* 4.2)
IP[+IN] |P[+|N|—|Ppred|
FPR — ’PPred| - ’PPred and True‘ (43)

|Ppredl

Here, P is set of RTO orders, and N is set of Delivered orders. Pp,.; is set of orders
predicted as RTO by a model, and Pp;eq and True 18 St of true positive RTO predictions.

Our aim is to choose a classification threshold that maximizes Goodness while maintain-

ing the false positive rate (FPR) below a fixed value. > A high F PR means increased false

interventions, reducing customer experience. Just like precision and recall, Goodness and

F PR are a trade-off balance. High Goodness comes with an increase in F'PR.

4.4 Results

Table 4.2 shows performance of various RTO models on our test set. The random forest
provides the overall best performance. As hypothesized, adding social features with past
trends improves goodness by 300 bps, and adding contextual embeddings representing
education and professional information improves the goodness further by 328 bps. This
model has direct implications for improving the bottom-line revenue performance of an
e-commerce organization.

Contrary to intuition, deep learning based models performed the worse. Comparative
studies has shown that this behaviour is common in case of tabular data [37, 50, 109]. Studies
compared the performance of Tabnet, and its contemporaries on a large variety of tabular
data tasks, and concluded that these neural architectures do not perform consistently and are

very sensitive to parameter tuning.

4.5 Conclusion and Future Work

Our study aims to improve the performance of a critical e-commerce problem RTO, where
a user places an order and then cancels while the product is in transit, leading to logistics
and opportunity cost. We hypothesize that fusing a users’ social data with past RTO trend
data can lead to improvements in performance. Towards this, we build a system to extract
social profiles from popular professional networking social media platforms for a given user.
Location-based matching is used to filter from the candidate matches. Finally, we extract

quantitative and contextual features of matched profiles and demonstrate improvements of

2F PR threshold is decided based on product requirement.
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3.1%, and 19.9% precision and recall, respectively, in the RTO detection task. Our work has
direct implications for improving the bottom-line revenue of an e-commerce organization.
Potential future directions of our work can be to experiment with transfer learning or multitask
setup to see if social re-identification can help in other facets of e-commerce experience
like review credibility or credit modeling. We would also like to extend our experiments to
include data from a broader type of social media platforms.

Table 4.2: RTO detection performance on the test set. Random forest performs the best. The
addition of social features with past trend data increases goodness by 628 bps.

Model Features Precision (%) Recall (%) Goodness (bps)
Past Trends 85.7 40.3 1,005.7

Random Past Trends +

Forest ast Jrencs 85.7 50.4 1,305.6

Social quantitative
Past Trends +
Social quantitative + 88.8 60.2 1,633.7

Social abstractive

Past Trends 80.0 33.6 809.3
XGBoost Past Trends +
Social quantitative

82.2 39.7 994.1

Past Trends +
Social quantitative + 86.8 44.5 1,129.4
Social abstractive

Past Trends 82.4 394 977.0
TabNet Past Trends +
Social quantitative

78.2 30.2 716.2

Past Trends +
Social quantitative + 64.2 15.1 320.0

Social abstractive
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Chapter 5

Thesis Timeline and Outline

5.1 Timeline

Jan. March June Sept. Nov. Dec. Jan. March
2023 2023 2023 2023 2023 2023 2024 2024
I I I L 1
l - g w l
Rebuttals Thesis writing
L | 1
I | 1
Submission Review cycles
Covid-19 support paper
| [ | | | |
I 1 | | | 1
Work and submission Review Rebuttal Review

Individual - Individual interaction

Figure 5.1: Potential thesis timeline.

5.2 OQOutline

Part I: Introduction and Background
1. Introductions
2. Preliminaries and Background
Part II: Individual - Community
3. Effect of Popularity Shocks on User Behavior
4. Effect of Feedback on Drug Consumption Disclosures
5. Effect of Social Support in Online Covid-19 Communities
Part III: Individual - Organization
6. Social Re-Identification Assisted RTO Detection for E-Commerce

Part I'V: Individual - Individual
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7. Study 5
Part V: Conclusion and Future Work
8. Conclusion

9. Future Work
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