*

Modeling Online User Interactions and their
Offline effects on Socio-Technical Platforms

Hitkul

PhD Thesis Defense - June 18, 2024




e sar ey i -

4o

.

Committee Members




Interactions




Interactions




Interactions




Interactions




Interactions




Interactions

Individual

Community

Organizations




Interactions

Individual

Community

Organizations




Interactions




Interactions




Interactions




Interactions




Interactions










Interactions




Online Interactions +




Online Interactions +




Online Interactions +







12




12




13




Overfiow




Overflow + *




Overflow - Positive




Overflow - Positive




Overflow - Positive




Overflow - Positive




Overflow - Negative




Overflow - Negative

L)
ﬁ " -
.

"
" ( l‘.
U i ¢ :
“ . ¥ | 14
‘. ) :
I <l -
":..-w .\& _’.‘

f

Tl
° ) ‘,"
’ r . -
~

15



Overflow - Negative




Overflow - Negative + '




Overflow - Negative + '




Overflow - Negative + '




Overflow - Negative + '




Tz
X
1
U
x b

ﬁ ; ‘

+ +

Quantitying effects of online interactions
IN offline world and suggest implications

.




-
e Z
3 >
i
Y
x b

»*

Quantifying effects of online interactions

in offline world and suggest im




Our Focus




Our Focus




Our Focus

Effects of

popularity shocks —\




Our Focus + *

Effects of

popularity shocks —\

™ Effects of drug |
disclosures




Our Focus + *

W Effects of

popularity shocks —\

™ Effects of drug |
disclosures

¥ Dynamicsin COVID-19__/

Communities




Our Focus + *

W Effects of

popularity shocks —\

™ Effects of drug |
disclosures

¥ Dynamicsin COVID-19__/

© RTO Detection for
E-Commerce

\GEEE—

Communities




Our Focus + *

* Analysing Habit
Building Attempts

W Effects of

popularity shocks —\

™ Effects of drug |
disclosures

¥ Dynamicsin COVID-19__/

© RTO Detection for
E-Commerce

\GEEE—

Communities




Our Focus + *

Effects of

popularity shocks \




Effect of Popularity Shocks

on User Behavior
ICWSM' 22

Omkar Gurjar, Tanmay Bansal, Hitkul, Hemank Lamba, Ponnurangam Kumaraguru




What is Popularity Shock?-

<+




What is Popularity Shock?-

<+




What is Popularity Shock?-

eWs

Time




Why is Shock Interesting?-

<+




Why is Shock Interesting?+

@yashrajmukhate

22



Why is Shock Interesting?+

@yashrajmukhate

22



Why is Shock Interesting?-

<+




Why is Shock Interesting?-

<+




Why is Shock Interesting?+

[€) @khaby00

23



Why is Shock Interesting?-

s S
[E) @khaby00

23



Why is Shock Interesting?-

<+




Why is Shock Interesting?-

<+




Why is Shock Interesting?+

24



Why is Shock Interesting?+

24



Related Work + *




Related Work

Social
Feedback

Positive reinforcement
for improvements

Widely studied offline
and online

Few online exceptions

Popularity Shock

o

)

Content
Virality

Collaborative platforms -
Wikipedia, Github

Exogenous shocks

Changes in network
structures

Predicting Virality
Characterizing content

Information cascade
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@ \V/ 'é g frequency after receiving popularity
shocks?
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Economies of Online Cooperations
(Kollock et al. 1999)
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Operant Conditioning

Specific consequences are associated with a voluntary behavior

Rewards introduced to Punishment introduced to
increase a behavior decrease a behavior

Do users alter their content in
response the Popularity shock?

Operant Conditioning
(Skinner, 1938)
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Research Questions

g Do users increase their posting frequency after
recelving popularity shocks?

Q Do users alter their content in response the
Popularity shock?

g How long do effect of popularity shocks last?

Q What leads to sustainability of popularity?
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30,969 users 20 million First post: 07/01/2015
Posts Last post: 31/12/2021
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85.2 81.0 76.4 29162.9 60.3 57.6

61.5 57.6 53.3 49.8 46.6 44.2 41.7 39.8 37.7

55.8 52.2 48.1 44.8 41.7 39.5 37.2 35.4 33.5

51.047.7 43.8 40.7 37.8 35.7 33.5 31.8 30.1
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-15 =10 =5 0 5 10 15
Bin Number (Centered at the shock)

Control Variables: Age of User, and Intensity of user
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Survival Analysis / CoX Regression
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Popularity is generally short lived
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Popularity is generally short lived
> >

Post Community Balance
Frequency Engagement Content Similarity
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@ First paper to study user behaviour after popularity
w Shocks on short video platform

%

(\‘ Actionable insights for users to sustain popularity

First dataset to provide posts and accompanying
metadata for a short video platform
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Effect of Feedback on Drug Consumption
Disclosures on Social Media
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Hitkul, Rajiv Ratn Shah, Ponnurangam Kumaraguru




Drug Consumption Subreddits '

Trip Reports




Drug Consumption Disclosure’




Drug Consumption Disclosure”

& r/MDMA
16 TRolling Hard]Watching Tomorrowland Videos. Solo. Be safe everyone and
stay hydrated.

2

r/tripreports
300 Mg of Dxm HBr + 40 mg pf Edibles Trip Repot
DXM

So the other night I decided that I was going to take some Dxm, Ive done it a handful of times just
kinda experimenting and fucking around and never more than 200mg which is a second plat for my
odvweight (125 Ibs). However this particular nigh ' noing to take my highest dose yet,
w‘/itch is the rest that I conveniently had After I down all the fuckers I smoke
a DOWI waiting for them to kick in and after a biTOT SITIOK remernber of some edibles I had on
hand, so I decide to down 40 mg of them as well.

As Im playing some bo2 zombies and watching some YouTube I have the normal effects that I've
experienced before, body feels heavy and I have little motivation to get out my chair, I almost feel
drunk, I want to say I had some slight visuals but nothing remarkable, if I had any at all. This goes on
for maybe 2-3 hours until I pass out.

ép r/MDMA

I'miroooling balls right now}I love everything and everyone. Happy new

year
MDMA + Pot

Title

o r/2cb |

2CB is just insane

Did abouf§30mg yesterday nightBdid few beers and i dont even fell messy on my head. Night was
beautiful, only positive vibes, a lot of laugh lol. Being able to go to sleep easily after 2CB trip and sleep
for 6-7 hours is HUGE. This is literally the best social drug i've ever used.
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Related Work

Drug on
social media

Addiction detection
Trend analysis

Forecast drug overdose,
abuse

L

Causal inference
on social data

Simulating RCT using
online social data

Applications have been
shown in weight loss,
alcohol consumption,
content quality

Self-harm behavior
on social media

Self-harm to improve
social standing

Online challenges e.g.
KiKi

Demographic features




Research Questions + '

Impression Management
(Goffman 1959)
(Leary et al. 1994)
(Hogan 2010)




Research Questions + '

What i1s the extent of content
Indicating offline drug consumption?

\J
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=
F

Impression Management
(Goffman 1959)
(Leary et al. 1994)
(Hogan 2010)
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Primacy Effect

(Asch 1946)
(Murdock Jr 1962)
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How does the community feedback
on first drug consumption post affect
users' future drug consumption?

Primacy Effect

(Asch 1946)
(Murdock Jr 1962)
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Operant Conditioning
(Skinner, 1938)
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Operant Conditioning

Specific consequences are associated with a voluntary behavior

Rewards introduced to Punishment introduced to
increase a behavior decrease a behavior

How does continuous positive
community feedback affect
users' future drug consumption?

Operant Conditioning
(Skinner, 1938)
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g What is the extent of content indicating offline
drug consumption?

How does the community feedback on first drug
consumption post affect users' future drug consumption?

How does continuous positive community feedback
affect users' future drug consumption?

Can we use Reddit textual data to classify between drug
consumption and non-drug consumption content?
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10 Subreddits

826,905 Posts
6.6M Comments

493,906 Users
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45 Participants
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Detecting Drug Disclosure

Macro Macro Macro

Model Accuracy Precision Recall F1

5-fold cross validation

Text CNN 7351 +£3.10 78.79+1.82 63.28+35.78 62.34+7.28
BERT 83.79£1.03 82.13+1.15 82.22+1.29 82.14+1.16

RoBERTa 83.16+095 &81.72+1.32 8096+1.15 81.22+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

Individual subreddit performance equally good
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Extent of Drug Consumption

Users Posts Comments

Indicate drug consumption
(B84% in user study)

Indicate drug consumption Indicate drug consumption
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First and continues positive
feedback increased drug
consumption by upto 2x




Effect of Community Feedback

First and continues positive
feedback increased drug
consumption by upto 2x

User belief

Scores 2.2/5 “lllusion of control”

(Lyng 1990)
Comments 2.5/5

(Little to Moderate impact)
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@ First paper to study effect of community feedback
MW ©ON drug consumption disclosure

%

(\‘ Actionable insights for moderators and platforms

First dataset to provide drug consumption indicative
posts and model checkpoints

|
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Together Apart: Decoding Support
Dynamics in Online COVID-19 Communities
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Why??

Necessary to understand user dynamics to help moderators
and platform designers increase accessibility
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r/COVID19positive 93,576 Posts
993k Comments




r/COVID19positive

93,576 Posts
993k Comments

104,818 Users
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. Emotional support

Informational support

Before infection
During infection
After infection

>

Seeking support
Giving support
Receiving support




Data Classification

Support

/

r/COVID19positive
Dataset
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Informational support




Support Classification




Support Classification '

Flair Based Classification




Support Classification




Support Classification

Emotional flair

=
<
=
=
=
S
Cs
:
L~
S
=
Pt

Flair

TP

TP - Me

TP - Family

TP - Friends

TP - LongHauler
TP - Unvaccinated
TP - Breakthrough
Verified Research

Question - to those
who tested positive

Question - for
medical research

Posts

4,219 (4.51%)
26,975 (28.82%)
7,452 (7.96%)
1,575 (1.68%)
785 (0.84%)
269 (0.29%)
1,034 (1.1%)
183 (0.19%)
25,439 (27.18%)

4311 (4.61%)

TABLE 1

Comments
46,302 (4.95%)
266,806 (28.53%)
85,243 (9.12%)
15,588 (1.67%)
6,860 (0.73%)
3,237 (0.35%)
10,431 (1.11%)
723 (0.07%)
212,748 (22.75%)

38,055 (4.07%)

TOTAL POSTS AND COMMENTS FOR DIFFERENT FLAIRS ON THE

COVIDI19POSITIVE DATASET. TP = TESTED POSITIVE.
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Support Classification - Validation
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\exm

Topic Modeling

(BERTopic + TF-IDF + Odds Ratio)
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Support seeking

Informational

Symptoms  smell, taste,
body, temp,
headache,
breathe, shortness,
asthma, insomnia

Nutritional appetite, eat,
and weight, exercise,
Lifestyle take, taking,
advice ivermectin, zinc,
quercetin,
paxlovid,
vitamin,
supplement

test, tested,
positive, pulse,
levels, oxygen,
oximeter, day,
vaccinated,
antibody, blood

menstrual cycle,
periods,
urination,
bladder, alcohol,
smoke, smoking,
dog, cats, pets

Emotional

Sickness
and
Family

Recovery

Mental
health
and
Anxiety

Personal
and
Health
Concerns

dad, mom,
father, hospital,
baby, son, kid,
cough, daughter,
husband, fever,
toddler, family

contagious, still,
positive,
quarantine,
resting, test,
tested, exercise,
run, workout,
walk, recovered,
longer, isolate,
isolation, day

anxiety, feel,

pain, fear, panic,

scared, nausea,
anyone, brain,
fog, memory,
focus

fever, cough,
taste, fatigue,
breath,

job, loss, pay,
employer,
manager, living

Support giving

Informational

Infection

Wellness
and
Rest

Research
and
Facts

COVIDI19
related
topics

swab, allergy,

response, nose,
itchy,

immune, system,
fever, breath,
shortness,
fatigue, headache

chicken, soup, Coping
fruit, immunity, Strategies
immune, taking,

bl2, daily, salt,

appetite, gargle,

honey, electrolyte,

hydrated, exercise,

workout

covidl9, science, Gratitude
study, studies,

data, evidence,

research, scientific,

scientist, theory

pcr, antigen,
mask, air,

n95, quarantine,
omicron, delta,
variant, body,
response, hair

Emotional

love, hug,
hugs, sending,
virtual, glad,
feel, sorry,
loss, grief
supportive,
healthcare

pfizer, moderna,
shot, steroid,
antibiotic, netflix,
watch, binge,
watching, game,
podcasts, book,
tv, show, green,
tea, honey, ginger,
lemon, water,
cayenne, manuka

please, thank,
thanks, you,
so, much,
contribution

wish, speedy, recovery,
better, pray,

sending, you,

strong, hope,

hopeful, crossed,
fingers, miracles
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Temporal Phases

During

Before
4908(19.9%)

12161(49.3%)

5153(20.9%)

2422(9.8%)
After

80
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Dataset

User behaviour

>

Seeking support
Giving support
Receiving support




User Behaviour

Seeking

Writing posts

Recelving

Comments received

Giving

Commenting on other
user's post
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Survival Analysis / CoX Regression
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Seeking support in during phase increases longevity
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Seeking support in during phase increases longevity

Giving support in early phase increases longevity




Longevity of a User

Seeking support in during phase increases longevity

Giving support in early phase increases longevity

Recelving support has

on longevity
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Time Delta Multiple Infections
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Return to Origin (RTO)

[x1
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N

tp

Order Return to Origin




Return to Origin (RTO)

[x]

-

N>
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Order Delivered




Return to Origin (RTO)

[x1
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Order Return to Origin
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Why Study RTO?

15 (2¢) lost per RTO
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Fraud detection in low-voltage electricity
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Re-ldentification Validation

Experience
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Flipkart
Jun 2022 - Present - 5 months

Bengaluru, Karnataka, India

Researcher Phd Candidate
Precog @ IlITD

Jun 2018 - Present - 4 years 5 months

New Delhi Area, India

Researcher Phd Candidate
MIDAS-IIITD
Jun 2018 - Present - 4 years 5 months

New Delhi Area, India

Research Intern
Goldman Sachs

May 2021 - Aug 2021 - 4 months

Bengaluru, Karnataka, India

Research Intern
National Institute of Informatics
Dec 2018 - Jun 2019 - 7 months

Tokyo, Japan

Research Intern
Indraprastha Institute of Information Technology, Delhi
Jan 2018 - May 2018 - 5 months

Delhi Area, India

Android app developer Intern
Tata Steel

May 2016 - Jul 2016 - 3 months
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Android Application development
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Re-ldentification Validation

Match Exact Multiple No
Threshold & Match Match  Match

0.1

0.2
0.3
0.4

0.5
0.6
0.7
0.8
0.9
1.0

81.49
81.31
79.58
76.21
71.01
68.92
65.91
64.63
64.36
42.57

18.51
18.51
18.51
18.41
18.41
17.68
17.50
17.41
17.41
17.41

0.00
0.18
1.91
5.38
10.57
13.40
16.59
17.96
18.23
40.02
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Past trends of 3 months and 1 year
< Ratio of RTO/Total orders
® User
© Product
M Seller
= Product category
T Pincode
s Street name
City
® Hour of the day
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Experience Education Skills + 7

Data Science Intern Indraprastha Institute of Information Technology, Delhi

Flipkart I
P Iir Doctor of Philosophy - PhD - Multimodal social media computing - 9.67 CGPA Data Science
Jun 2022 - Present - 5 months

2018 - 2023
Bengaluru, Karnataka, India :: 3 endorsements

Activities and Societies: ACM Student Chapter
Researcher Phd Candidate
Precog @ IIITD BML Munjal University Machine Learning
Jun 2018 - Present - 4 years 5 months 2 Bachelor of Technology - BTech - Computer Science

New Delhi Area, India 2014 - 2018

gﬂ Endorsed by Karan Gupta who is highly skilled at this

. &
Researcher Phd Candidate . . ® 5 endorsements
Jain Public School fa
MIDAS-IIITD

High School
Jun 2018 - Present - 4 years 5 months 9

New Delhi Area, India 2005 - 2014 Keras

Qe
as 1 endorsement

Research Intern
Goldman Sachs

May 2021 - Aug 2021 - 4 months :
Show all 20 skills =

Bengaluru, Karnataka, India

Research Intern
National Institute of Informatics

Dec 2018 - Jun 2019 - 7 months

Tokyo, Japan

Research Intern
Indraprastha Institute of Information Technology, Delhi
Jan 2018 - May 2018 - 5 months

Delhi Area, India

Android app developer Intern Hitkul Jangid
Tata Steel PhD student at llIT Delhi || Flipkart || Goldman Sachs

' Indraprastha Institute of

May 2016 - Jul 2016 - 3 months Delhi, India Information Technology, Delhi
500+ connections

Jamshedpur, India

Android Application development Activity Start a post

1,880 followers
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Features

Experience Education

+ s

Data Science

Data Science Intern
Flipkart
Jun 2022 - Present | 5 months

Indraprastha Institute of Information Technology, Delhi

Ir Doctor of Philosophy - PhD - Multimodal social media computing - 9.67 CGPA

2018 - 2023 Qe

Bengaluru, Karnataka, India fa 3 endorsements

Activities and Societies: ACM Student Chapter
Researcher Phd Candidate
Precog @ IlITD

Jun 2018 - Present | 4 years 5 months

Machine Learning

BML Munjal University

Bachelor of Technology - BTech - Computer Science o ) )
@* Endorsed by Karan Gupta who is highly skilled at this

New Delhi Area, India 2014 - 2018

Qe
as 5 endorsements

Researcher Phd Candidate
MIDAS-IIITD

Jun 2018 - Present | 4 years 5 months

Jain Public School
High School

2005 - 2014 Keras

New Delhi Area, India

Qe
as 1 endorsement

Research Intern
Goldman Sachs

:‘ay 2?21 _:ug 2toi1 |4 Tomhs IS StU d e nt Show all 20 skills =
s direct link available

Research Intern
National Institute of Informatics

Dec 2018 - Jun 2019 | 7 months # ijObS
) # of educations

Research Intern
Indraprastha Institute of Information Technology, Delhi

Jan 2018 - May 2018 | 5 months Yea rs Of jo bS
Years of education

Hitkul Jangid

Android app developer Intern

[ ]
Tata Steel # f k I I PhD student at llIT Delhi || Flipkart || Goldman Sachs .
O S I S Balhi Indis . Indraprastha Institute of

May 2016 - Jul 2016 | 3 months

Jamshedpur, India # Of Con neCtiOnS

Android Application development

Information Technology, Delhi
500+ connections

# Of fol Iowe rS 1,880 followers
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Jain Public School
High School

New Delhi Area, India 2005 - 2014

Research Intern
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Tokyo, Japan
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Goldman Sachs
May 2021 - Aug 2021 - 4 months
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Delhi Area, India

Android app developer Intern
“T Tata Steel

May 2016 - Jul 2016 - 3 months

Jamshedpur, India

Android Application development

Education

Indraprastha Institute of Information Technology, Delhi
Doctor of Philosophy - PhD - Multimodal social media computing - 9.67 CGPA

2018 - 2023
Activities and Societies: ACM Student Chapter

BML Munjal University
Bachelor of Technology - BTech - Computer Science

2014 - 2018

Jain Public School
High School

2005 - 2014

Doctor of Philosophy
Indraprastha Institute of
Information Technology

Data Science Intern Flipkart




Features - Language

Experience Education

Indraprastha Institute of Information Technology, Delhi
Doctor of Philosophy - PhD - Multimodal social media computing - 9.67 CGPA

Data Science Intern
Flipkart

Jun 2022 - Present - 5 months

Bengaluru, Karnataka, India 2018 - 2023

Activities and Societies: ACM Student Chapter
_ Researcher Phd Candidate
Precog @ IlITD

Jun 2018 - Present - 4 years 5 months

BML Munjal University
Bachelor of Technology - BTech - Computer Science

New Delhi Area, India 2014 - 2018

Researcher Phd Candidate
MIDAS-IIITD

Jun 2018 - Present - 4 years 5 months

Jain Public School
High School

New Delhi Area, India 2005 - 2014

Research Intern
Goldman Sachs
May 2021 - Aug 2021 - 4 months

Bengaluru, Karnataka, India

Research Intern
National Institute of Informatics

De: 2018 - Jun 2019 - 7 months DOCtO r Of p h i IOSO phy
o Indraprastha Institute of
Indraprastha Institute of Information Technlogy, Delhi I nfo r m atio n TeC h n O I Ogy

Jan 2018 - May 2018 - 5 months

Delhi Area, India

Data Science Intern Flipkart

Android app developer Intern
Tata Steel

May 2016 - Jul 2016 - 3 months
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transformer vector
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Data Science Intern
Flipkart
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Bengaluru, Karnataka, India
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Indraprastha Institute of Information Technology, Delhi
Doctor of Philosophy - PhD - Multimodal social media computing - 9.67 CGPA
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Results +

Model Features Precision (%) Recall (%) Goodness (bps)

Past Trends 85.7 40.3 1,005.7
Past Trends + Social quantitative 85.7 50.4 1,305.6
Past Trends + Social quantitative + Social abstractive 88.8 60.2 1,633.7

Past Trends 80.0 33.6 809.3
XGBoost Past Trends + Social quantitative 82.2 39.7 994.1
Past Trends + Social quantitative + Social abstractive 86.8 44.5 1,129.4

Past Trends 82.4 39.4 977.0
TabNet Past Trends + Social quantitative 78.2 30.2 716.2
Past Trends + Social quantitative + Social abstractive 64.2 15.1 320.0

Random
Forest
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Results

Well-tuned Simple Nets Excel on Tabular Datasets

Arlind Kadra
Department of Computer Science
University of Freiburg
kadraa@cs.uni-freiburg.de

Marius Lindauer
Institute for Information Processing
Leibniz University Hannover
lindauer@tnt.uni-hannover.de

Frank Hutter
Department of Computer Science
University of Freiburg &

Bosch Center for Artificial Intelligence
fh@cs.uni-freiburg.de

Josif Grabocka
Department of Computer Science
University of Freiburg
grabocka@informatik.uni-freiburg.de

Tabular Data: Deep Learning is Not All You Need

Ravid Shwartz-Ziv
IT AI Group, Intel

Amitai Armon
IT AI Group, Intel

RAVID.ZIVQ@QINTEL.COM

AMITAI.ARMONQINTEL.COM

This is definitely not all you need

DEEP LEARNING MACHINE LEARNING

A summary of findings regarding deep learning for tabular data.

Revisiting Deep Learning Models for Tabular Data

Yury Gorishniy**  Ivan Rubachevi®  Valentin Khrulkovi  Artem Babenko*

T Yandex, Russia
T Moscow Institute of Physics and Technology, Russia
& National Research University Higher School of Economics, Russia
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Challenges & Future Scope '

Remove review intersection
dependency

Scale crawling setup
(potentially via VMs)

Collect data from platforms
apart from LinkedIn

Heuristics for edge
cases e.g. Chennal vs
Madras

Add other modalities of
validation

_anguage

mages

Network behaviour

More features
Finetuned language features

Nonlinear dimensionality
reduction (UMAP)

Categorical embeddings
Pre-trained tasks and vectors

Transfer learning to other
tasks




Our Focus

.f RTO Detection for

E-Commerce




Our Focus

* Analysing Habit
Building Attempts




Put Your Money Where Your Mouth Is:
Dataset and Analysis of Real World Habit
Building Attempts

ICWSM'’ 24 (Dataset)

Hitkul, Rajiv Ratn Shah, Ponnurangam Kumaraguru
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Self-Help titles have

Between 2013 to 2019




Rise of Self-Help

Self-Help titles have

Between 2013 to 2019

r/loseit

r/stopsmoking .

@D Strides
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Homogeneous Small Sample




Research Questions

Fresh Start Effect
(Dai et al. 2014)

A NEW WEEK,
A NEW ME!
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Research Questions + '

A NEW WEEK,
A NEW ME!

What is the prevalence and success
rate of commitments started on
such dates?

Fresh Start Effect
(Dai et al. 2014)

119
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methods and their effect on success
rate?
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Research Questions +

Lb SS ‘ VERSTowN

\/\/IA/M]:NG JO$ LOSIA/G- ]Oj;

Accountability
(Kahneman 1977)

Does monetary stake affect the

Q probability of success in a
commitment?

121
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Habit Stacking
(Fogg 2019)

Behavioural Momentum Theory
(Dai et al. 2011)




Research Questions + '

Habit Stacking

(Fogg 2019) What Is the extent of users trying to

pursue simultaneous goals? How
does It affect the success rate?

Behavioural Momentum Theory
(Dai et al. 2011)




Research Questions +

g What Is the prevalence and success rate of
commitments started on such dates”

What is the extent of accountability methods and their
effect on success rate?

Does monetary stake affect the probability of success In
a commitment?

What is the extent of users trying to pursue
simultaneous goals? How does it affect the success rate?







Data

2 stickK

wake up at 5AM every day

Week 2 of 4

yuyren yuyren commits to:
Waking up at 5AM at least 5 times a week

Successful Periods: 1

Unsuccessful Periods: 0
|

My Commitment Journal

Posts Photos

Reporting period
Period status:

User report:
Referee User report:

Reports for this period:

: r A
12 Jun 2024 03:15 pm - Referee approval report

______________________________________________________
Outside of iliness, she successfully completed her goals

Last reported: Success

Next report due:

June 18

4:00 AM GMT

Displaying 1-1 of 1 result.

June 4 to June 1l
Successful
Success
Success

6 Recipient of Stakes
=

Anti-charity (Political: America
First Action (Trump Super PAC))

Total at stake: $800.00
Stakes per period: $200.00
Remaining Stakes: $600.00
Total Money Lost: $0.00

% Referee
fim

w Supporters

This Commitment doesn't have
any Supporters yet!







19 October 2007 to 17 August 2023




742,923 Users




742,923 Users 397,456
Commitments




S 0

742,923 Users 397,456 $ 35,598,253
Commitments at Stake

19 October 2007 to 17 August 2023
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Commitment Classification *

Word2Vec based relevance feedback
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Commitment Classification

Pornography

Bl Meditate
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B Self-care
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Commitment Classification
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Commitment Classification

Food4
Pornography
BN Meditate4g

B Exercise
Read4

B Study
Money

B Weight¥
Bl Smoking
B Alcohol
Write
Bl Self-care

Bl Sleep4

B Business

BEm Digital4







Survival Analysis / CoX Regression
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Tuesday Wednesday Thursday Saturday Sunday 1 2 3 4 5 6 7 8 9 101112 1314 1516 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

I

50000 55000 60000 65000 70000 75000 80000 8000 14000 16000

(a) Weekdays 40%1 (b) Days of a month

(c) Days of a year
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Fresh Start - Effect

-
o

—— New Year's ) —— 1st of a month
~New Year's ~1st of a month

O
o0

©
2
>
| -
-
n

Survival
=
(@)

©
N

25 50 75 100 25 50 75
Success Rate Success Rate

(a) New Year. p < 0.005 (b) 1% of a month. p = 0.01

Survival

25 50 75
Success Rate

(c) Monday. p = 0.03
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Referee Supporters

(external accountability) (Social accountability)
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Accountability - Effect +

-
o

—— Self Referee

Referee
Covariate HR

=
00

# of reports 1.044°7%**
Length of

commitment
# of supporters 0.9797%*x

25 50 75 100 $ on stake per period 0.9474%%:*
Success Rate 2= 0,005

Survival
—
o

1.0045%%*

O
IN

(e) Referee. p < 0.005

95% CI1
[1.0437, 1.0457]

[1.0043, 1.0046]

[0.9725, 0.9870]
[0.9467, 0.9482]
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Mohnetary - Extent +

Type of stake Frequency Percentage

No stake 282,366 71.0%
Anti-charity 60,368 15.2%
Charity 27,053 6.8%
Friend 21,711 5.5%
StickK 5,958 1.5%

Monetary Stake
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Monetary - Effect

No stakes
Anti-Charity
Friend
StickK
Charity
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N

25 50 75 100
Success Rate

Covariate HR

# of reports 1.0447%
Length of

: 1.0045%**
commitment

# of supporters 0.9797%*

$ on stake per period  0.9474 %%
***p <=0.005

95% CI
[1.0437, 1.0457]

[1.0043, 1.0046]

[0.9725, 0.9870]
0.9467, 0.9482
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50 75 100
Success Rate

(f) Simultaneity. p < 0.005
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