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THE PROBLEM

Social Media is a powerful way to reach prospective
customers and boost marketing. However, navigating
the complex landscape of social media is a difficult

task and leaves much to chance.




THE SOLUTION

Creating a Social Media Simulator that generates
realistic social interactions that may emerge as a
response to posts by businesses and the ability to
fine-tune them to perform better.
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MOTIVATION

e [In a survey of 3,700 marketers, 96% marketers said they use social media for

marketing and 91% said they struggle to answer the question concerning the
best ways to engage their target audiences on social media platforms.

e [n a survey of more than 1,500 marketers, 72% stated that their top social
media priority is to create more engaging content, and their second
highest priority (65%) is to improve their understanding of what content is
effective

e Social Media is a pivotal marketing platform, yet its dynamic and

unpredictable nature poses challenges for businesses.

Pulizzi, J., & Handley, A. (2015). B2B Content Marketing: 2016 Benchmarks, Budgets and Trends — North America. Retrieved June 8, 2016, from http://contentmarketinginstitute.com/research/content-

marketing-research/

Stelzner, M. A. (2015). Social Media Marketing_Industry Report: How Marketers Are Using Social Media to Grow Their Businesses. Retrieved June 8, 2016, from

https://www.socialmediaexaminer.com/SocialMediaMarketinglndustryReport2015.pdf
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IMPACT OF SOLUTION

Large Audience Design Choices Sample Space of Responses

Tighter knit communities Designers of posts can re- The simulator can not predict
may react very differently iterate more concretely on the complexities of social
to posts than a large-scale their design for better behaviour with 100% accuracy,
audience, so the ability to engagement by testing but can generate a wide range of
test it out on the latter is them using the simulator possible responses that may not

an extremely powerful tool. and receiving feedback have been anticipated.
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Social Simulacra: Creating Populated Prototypes
for Social Compuling Systems
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ABSTRALCT

Socal computing priolypes probe the social behaviors that may
arise nan envisioned sysiem design. This prodotyping practice
is currently fimited to recreiting small groaps of people. Unfort-
nately, many challenges do not arise until a system s popelated
at a larger scale. Can a designer understand how a soclal system
might behave when populated, and make adpustments to the de-
sign before the system falls prey o such challenpes? We mitro-
duce socie! smplocre, o prototyping technigque that penemtes a
breadth of reafistic social interactions thal may emerge when o so-
il compating, system is populaied. Social stmulsers take as inpat
the designer”s description of a commumity’'s desipn—goal, rubes, and
meember personas—and prodice as output an nstance of that design
wilh simulated behavior, including posts, replies, and anti-social
hehaviors: We demonstrate that social smulscra shift the behaviors
that they penerate appropriately in response o despn changes, and
that they enable exploration of “what 7" scenarios where comm-
nily members or miderators inbervene. To power social simdacra,
we onatribute technigquees for prompting a large langpuage mode]
to penerale thousands of distinct community members and their
soia] imteractions with each other, these techniques are enabled by
the abservation that Larpe languape models' trainimg data already
inchules a wids variety of positive and negative behavior on socksl
media platforms. [n evaluations, we show that participants are of-
ten unable to distingaish social simulacra frivm actual comoenmity
behavior amd that sock] computing destgpners sicorssfully refine
their sncial compating desipns when using social simmlscra,
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1 INTRODLUCTION

o dn we anticipate the mteractions that will arise when a soosal
computing system is popualated |4, 25]7 In sodal computing, design
decisions such as a community™s pgoal and mles con give mise o
dramatsc shifls i community norms, nescomer encubinmison, and
anti-zocial behavior [45]. Sucoess regquires tht the designer make
informed decisions to shape these socio-techmical ostoomes. Yet,
despite decades of progress i research and practice, undersinnding
the effects of these design decisions remains challenping; as a resuls,
dlesigners are regularly susprised by the behaviors that arise when
thesr spaoes are fully populated

T desipn pro-social spaces, desipgners need pritodypdng tech
miguees that enable them to rellect on seoal behaviors that may
resielt frnen their design choices, then fternte fo2]. Prototypes in
social computing typecally taloe the form of expenence probotypes
where the desipner recmidts a small group of people to use the
system [¥, 23] Tloasever, there remains a large pap between the
hehaviors that arise in o small set of test wsers and the behaviors
that arise in a socic-technical system when @t & fully popzlated:
fior example, anti-social behaviors may nol arise withim o tiphit-knit
proap [15), small hompgeneons prowps overfook the breadth of

/

Overview: Prompting an LLM to
generate thousands of users using
seed personalities and generate
Interactions between them

Developed Solution:

Feed a community design, goals
and two-line personas as input to
populate the network and observe
behaviours that were unexpected.

Improvements/Inferences:

e Creating more rounded user
personas to make them more
realistic

e Harness ability of LLM to
generate the behaviours




Overview: Using data mining for
predicting the performance
metrics of posts published in a
brands’ Facebook page

PAPER 2

Predicting social media performance metrics and evaluation of the impact on brand
building: A data mining approach
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Developed Solution:

Trained an SVM classifier to
predict several features of the
Impact of a post using features
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of around ITL One of them, the "Lifstime Post Consumers™ model. was assessed using sensitndty analysis to
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Inferences:

e The paper found the most
relevant feature in the model to
be the content of the post

e [t suggested the post content

and user sentiment analysis
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1. Il wi i

The worlifwide desemination of social media was irgeenad by the
e pornenial groawtls ol Infermset users, beading 1o a completely mew emd
ransienl far cusiinmers 1o e hamge ddead and feedbark aboul prodisers
andl services (Kaplan and Hagnlem, 2010 According io SEatisty Dosdie
(2004}, the mimber of social petwork users will incréase fram 097
billion 1o 244 billon ugers in 2018, prédicting an inchease anund
JINTE i B yeass. Comsedéring i1s rapid developmenl $o0is] medid may
Become the masd mgpartant media channel for brands 1o resch thei
clienrs im the mear fufuee [ Mangold & Faulds, 2009, Koisthion and Do
HH 3]

Companies soon realized the potenilal of using Imernet-based social
mefwnar ks oo Endlsenoe customers, soorpoating social media markegng
cofminumication b thedr strategies for leveraging their Businegses
Measuring the timpact of adveridement 18 an inpoant Ssue 1o be
inclsded in a gl social media stranegy | Leriscy e al, 20097 Several
studies focwsed an Anding the relabonships between anline pablica-
Livns oS00l negworks and (he mpact al soch publicalions e
by users” inferactions {eg., Cwijikj et al, 300 1), Howeser, fewer studies
devored dfenlion o fésearch Tor imgHlementing prediciive sysiems

Correoanding dnthir & Bl e B h Ui, IBCTE-Usivers inyvlnsrinse il b
Lt PraTual T 4350 20 70 30 34, + 351 25351 02 (9

that can effecrniely b used o predic? toe evaliation of a post prior (o
it4 publicstean. A sysiem able io predict the impact of indivedual pale-
fihed posts can pravide a valushle advaniage when deciding o
corrnminicate thoough sodca media, piloring te promation of prodocts
and serviees. Achvertising muanebers ook e isdped decisions an the
recepiivencss af [ poss puldished, thos afigning Srategies iovard
oplEmizing the impact of posts, benefiting Irom the predictions madea,
Abin, il as been shenm Chat Sociad media publications areé hdglhly related
o berand binlding | Edosomiwan e al, 2001 ). Therfare, the predictive
tool autlined in this paper could leserage managerial decksiims Do im
proie brand recognition

Dlata miring provides an interesting apprsach (of exiracting predic-
tive kEnowledge from raw data (Torban er al., 207 1) s appiication (o
social media has been stadied, especially [or svalueting marke treds
Erimh wgers’ Enpuls | e Trainor ef al., 20040 Hoseenes, most of Ohe S
b Tocused o resttive evdbia tion ol w el isers are saying taoiegh e
nefwark, with an emphasis on gathering infarmation fnom diffenem
nefwork groups or even perdond] poss (eg., Baanchi and Andrses,
2015). We lacused on predicting the impact of publishing individual
POsLs O social media network company’s page. The impact S mea-
surésl thrtnegh Several available nwetrics relaged o castomer visaalisa
thons and Interactbons. The predictive knowbedge found enables o
supipart manager's decisions an whether 1o publish exdh post

For validating the @aken proceduns, we adiressed o worldwide oot
PN o YRR CESRE pae = g 80 Ol BT Jer gl |
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Features

Table 3
List of input features used for modeling
Feature Description
Manual content characterization: action (special offers and
Category contests), product {direct advertisement, explicit brand content},

Page total likes
Type

Post month
Post hour

Post weekday

Paid

and inspiration (non-explicit brand related content).
Number of people who have liked the company's page.

Type of content (Link, Photo, Status, Video).

Month the post was published (]anuary, February, March, ...,
December).

Hour the post was published (0, 1,2, 3,4, ..., 23).

Weekday the post was published (Sunday, Monday, ...,
Saturday).

If the company paid to Facebook for advertising (yes, no).

= Real values of
features -
feature

—p Differences

¥ Predictions of
( Model )—’ the output
| feature
Knowledge extraction:

- what are the input features
that influence more the

Measurement of the quality
output? of the predictions
- how these input features
affect the output?

Fig. 2. Data mining procedure.

Performance Metrics

Table 5
Results for performance metrics predictions

Performance metric

Mean absolute
percentage error

Source of metric

Lifetime people who have liked your
page and engaged with your post

Lifetime post consumers

Lifetime engaged users

Lifetime post consumptions

Shares

Lifetime post reach by people who
like your page

Likes

Lifetime post impressions by people
who have liked your page

Lifetime post total reach

Comments

Lifetime post total impressions

269

272
288
33.1
358

375
41.2
47.8

49.6
63.9
69.3

Interactions

Visualizations

Interactions

Visualizations

Interactions
Visualizations

Relative relevance

of features to model
"Lifetime People who
have liked a Page

and engaged with

a post”

(in percentage)
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The Impact of Content, Context, and Creator on
User Engagement in Social Media Marketing
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Abstraet

Soclal media hay become an importand fool (n
extablishing relafonibips  befween oompaiies omd
customers. . However, creating effecthe content for
sociyl media markering compaighs (5 o challenge, @i
cemrpanies have difficwlne wrderstanaing whar defves
wser engagement, e approach o addressing i
challenwge (v fo wie gnalyiics on user-generaled social
media contenr to wnderstand the relanonsiip berween
cotent fearres and ver engagement. In iy paper we
reporl of O graertifenive siudy thar eppdier machine
legrning  algoritims o exacr textival and  viduol
coeent feanres Fom fusiagram posts, alorg  wirh
credlonr-  aird  contéxi-relaed  voriables, dmd  fo
starbitieally model their inTuance on wser engogement,
{r _?i.ll'n'ur.i;'.': can ;.!.'.l.'r.l't' ern"ﬂ.a.":'rjrll: and social media
profeviienels  {n creafing  engaging  oowienit  Hai
coRtmunicares more effecmvely with their audiences.

. Introduction

Cwver thi past diecade, social media as become a
popular  chanmel  through  which o sirengthen
customers” relationships with peoducts, bramds, amd
compaics[20], [22]. [27]. In a recent survey of 3,700
marketers, 96 percent of respomndents answered it
itheey s social media for marketing [36].

Howewver, as the mumber of end wsers and
marketers who are active on social medes incresses
[35], it becomes mcreasingly difficult for companics to
stand out from the crowd cnough o cngage their target
audicnces. In fact, 91 percent of marketers siruggle to

Oliver Maller
IT Universiy of Copenhagen
olmyiindk

Jan vom Brocke
University of Liechicnsicin
ja. vom. brockemumi. i

rate at which users cagage with their  posis. The
cngagement rate measures the guantity of responses
awd mteraciions that eontent on social media generates
froms users [4], [17], [31]. [38]. How the cngagement
rafe is calculated varies across social media platforms,
but it generally mecasures the percentage of poople who
react W 4 post mosome way, such as by “liking” it or
COTTUME g o0 it

The fctors ilat dive social medea engagensent can
be divided broadly mio three groups; those thai are
refaicd to the post's creator {e.g., the creator’s sex, age,
aumber of followers) [24], [21]; the posi’s conbext
(c.g.. tome, becation] [16]. [41]; and ceriain featwres of
the content, soch as, texisal content (e.g.. words, tags],
visual content (e.g., iimages, videos), and audio eontent.
While researchers have applicd various methods o
study how users engage with texiual conteni [2]. [6],
[£]. [9]. [E5) [21]. [24]. [26], [28]. [34]. |38} only a
few leve focused on posis’ visual content [4], [5], [241

Against this background, we follow a holistic
approach W study  engagemen! in social | media
marketing by statistically modeling the influcnce on
uzer cngagermnentl of the texmal and visual features of
coment on user engagement while controlling for
feamures related 1o creator and comtext. We dse
machine-keaming algorithms to extract the texieal and
visual features of content from a dataset of more than
13,0000 Instagram posis from professional blogpers and
o identify the most important featuees with regands w
user engagemicnl To the best of ouwr knowledge, o
study i= among the first o use a data-amalytic approach
to identify automatically the most significant features
thar drive social media engagement. Owr resulis can
help socm] media markefers and wsers understamsd ilse
mast effective approach to engaging social media

/)

Overview: To understand the
relationship between content
features and user engagement

Developed Solution:

Extract textual and visual content
features from Instagram posts, along
with creator- and context-related
variables, and to statistically model
their influence on user engagement.
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Table 4. Most influential content-related
predictors (i.e., words, emojis, and image classes)

Word Freq. Coef.

Instagram 136 | 011
Switzerland 128 829
Wonderful 101 448
Video 151 393
Delicious 211 333
Sunday 309 248
Make 164 215
Blonde 121 215
Outfitoftheday 243 213
Chnstmas 106 194
Emoji Freq. Coef.
s 205 807
301 230

;'_ﬁ 129 204

' 190 199

= 797 185
S 189 173

L“\ 311 153
@ 470 144
ﬁ. 141 130

= 183

Improvements/Inferences:

e For content variables, analyzing
emojis was also important

e We aim to incorporate the
context of the usage of words
and symbols and not just treat
them as independent variables
for more accurate predictions

e The importance of various
words and emojis can change
over time
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DATA
COLLECTION

e We needed curated data specific
to a users activity over time to
build a user persona

e Custom twitter scraper to scrape

o Latest user tweets

o Demographics (Gender,
Location)

o User stats (followers, likes, etc) PERSONAS

o Liked Tweets (by the users) =

o Replies to tweets |

S il



SPEGIFICATIONS

Information

Twitter API

Custom Scraper

Limit

Rate

Limit

Rate

User Tweets

Hard Limit: Up to

5 calls / 15 mins

Unlimited tweets / user

50 calls / 15 minutes

10k tweets 1 call = 20 tweets
User Information
(Location, Gender, Unlimited 500 calls / 24 hours Unlimited Unlimited
Following, Followers)
Hard Limit: Up to 5 calls / 15 mins . 500 calls / 15 minutes
U Lik Unlimited

Sertikes 10k tweets 200 calls / 24 hours imite 1 call = 20 liked tweets

50 calls / 15 minut
User Replies No AP No AP Unlimited calls / 15 minutes

1 call =15 replies




SAMPLE DATA

user_id created... descrip... favourit... follower... followin... location ia_... is_| Topics Persona...

15970050 Sun Aug 2... inspire so... 1002671 New York Simon Sinek leadership,...
18867596 SunJan11... SVP &MD,... 14594 14778 Germany |/ ... Sindhu Ga... bangalore...

24700996 Mon Mar 1... #Model #A... 11726 112669 New York, ... Dominique... revolving_...
34197952 Wed Apr 2... Chairman... 37 10834188 Mumbai, In... anand mabh... indiahope,...
68164273 Sun Aug 2... President, ... 49305 119985 New Delhi Samir Saran indiarespo...
472816440 Tue Jan 24.. DEPUTYC... 75797 1085 HYDERAB... Swarna ku... nightbeaut...
15278055... Tue Jun 18... Early stag.. 6098 6306 Bangalore,... Alok Goyal saas,0.496...
87476972... Tue Jun13... You'llfind.. 12892 7061 Bangalore,... Dravisha bangalore...

12434706... Fri Mar 27 ... Hyros. Ne... 5695 867730 Texas Alex Becke... invest,0.44...
12869043... SatJul25... Security A... 1862 3191 Pune, India Rohan_lew cybersecu...
15023568... FriMar11... ¥ building... 162 3727 Sarah Chie... socialite,0....

2
3
4
5
6
7
8
9

—
o
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//////)) ETHICAL CONCERNS

User Privacy Exploitation
e Users may not have e Simulations could e Simulating user
consented to data inadvertently reveal behaviour can be
scraping. sensitive or personal misused to exploit
e Data ownership and iInformation which they users.
usage ethics. may not want public. e Making them take

actions which are
Influenced by us.




DATA PREPROCGESSING

1.Emoji Conversion

2.Handling @Mentions
3.Accented Word Standardization
4.URL Removal

5.Contractions Expansion
6.Hashtag Removal

7. Lemmatization

8. Stopword Removal




DATA PREPROCESSING

BACK to the Future.. @elonmusk https://t.c
How 1s this even possible?? Clearly she’s a talented artist. But to paint 15 portraits at once 1...
If you ever were wondering why such a fuss over Independence Day, just ask these two people. The...
As a child, my mother would tell me to finish all my food if I wanted to be as strong as Hanuman...
In 1947 on the cusp of Indian Independence, Winston Churchill supposedly said “..all Indian leade...

back future ...
even possible ? ? clearly talented artist . paint 15 portrait artits miracle ! anyone located ne...
ever wondering fuss 1ndependence day , ask two people . explain better lecture . jai hind . : 1n...
child , mother would tell finish food wanted strong hanumanji . later , started working gym , wo...
1947 cusp indian independence , winston churchill supposedly said ... 1ndian leader low calibre ...



FEATURE EXTRACTION

Uncovers the
underlying themes
and interests within a
user's content
regarding their
preferences and
affinities..

BEHAVIOURAL TOPIC
TRAITS MODELING

Behavior, including
personality, and
sentiment per user to
see how they react
with the community




BEHAVIOURAL TRAITS

/ Sentiment Analysis

e Utilized NLTK for sentiment
analysis on tweets.

e Compiled sentiment scores for
each user.

e Determined users' average
sentiment disposition.




TOPIC MODELING

[(gamblingtwitter, -
0.005325193753236907), (free, e Utilizing the YAKE extractor to

0.00614130380787976), (bet, derive keywords, we calculate
0.00865724960473514)] affinity scores for each user
toward various topics.

[(retweet, o Affinity scores are generated to

0.046803383205633105), gauge user preferences for

(giving, 0.10146033916927709), specific topics.

(celebrate,

0.10989706933691477)]
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METHODOLOGY

Like + Reply + Tweet

Trained Classifier

Actions

Generate text
for each action

Changes pushed
to platform & starts again

Final Response




ALGORITHMS

LSTM Random Embedding Reinforcement

Forest Models ‘ Lerning

Classifier to
predict whether
a user
likes/replies to a
tweet

Classifier to
generate
appropriate
action

Convert text to
trainable
vectors for
models

Later stage
network
optimization
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'///) WHY LSTM?

e Language Is inherently sequential, with the meaning of a word or
phrase often depending on the context of surrounding words.

e | STMs capture context through memory cells, forget gates,
and input/output gates, allowing them to selectively remember
and utilize information over long sequences and can capture
semantic relationship with word embeddings.




P = mm
r=y—7

//}) LSTM MODEL

Input
Three sequential inputs (length 200 each) for 3 features, topics
description and the tweet itself
One numerical input. (Sentiment_Diff)
Layers:
Embeddings: Convert sequences to 16-dimensional vectors.
LSTMs: Capture sequential patterns (64 units each).
Concatenation: Merge LSTM outputs with numerical input.
Dense: Single-unit layer with sigmoid for binary output.
Parameters:
Total: 542,402




Sentiment
Difference

LSTM MODEL

User Topics

Tweet

Input Layer

Features

Embedding
Layer

r o

>

4 B
LSTM Layer
S i
4 B
LSTM Layer
S Vi
4 B
LSTM Layer
X Vi

" )
Concatenation
\ J
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//) WHY RANDOM FOREST?

e High-Dimensional Data: Tweets often involve high-dimensional data,
where each word or n-gram can be treated as a feature.

e Sparse Feature Space: The feature space in text data is often sparse, as
each tweet may only contain a subset of the available words in the entire
vocabulary.

e Ensemble of Diverse Models: Tweets can vary widely in terms of language,
style, and content. The ensemble nature of Random Forest, built on
diverse decision trees, helps capture different patterns and relationships
within the data. This diversity contributes to the model's robustness.
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Preprocessing

)
4

Class Weights

e Text inputs: topics, e Text features were Class 1 indicating
description and the tokenized and liked/replied to a
tweet itself padded to be of tweet was assigned

e Numerical input: same length a weight of 4 due to
Sentiment_Diff e Numerical feature its sparseness in the

was standardized data
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PREDICT USER LIKE ENGAGEMENT

Classification Report:
precision recall f1-score

accuracy
macro avg
welghted avg

©.90
8.70

LSTM

Classification Report:
support precision recall fl-score

2017 ©.92 8.99 ©.96
494 ©.95 0.66 I

2511 accuracy ©.93
2511 macro avg ©.87

2511 weighted avg 0.92

Random Forest

support

2017
494

2511
2511
2511




PREDICT USER REPLIES ENGAGEMENT

Classification Report:
precision

accuracy
macro avg
welghted avg

0.89
B.78

recall fi1-score

support

b0
75

135
135
135

Classification Report:
precision recall fl-score  support

0.89 0.82 8.85 60
.86 e.92 ©.89 75

accuracy 8.87
macro avg 8.87

weighted avg ©.87

Random Forest



REAL WORLD TEST

Actual Likes: 634

° Myria price MYRIA

@ Actual Comments: 148

Myria to USD Chart

est run with unseen users on an unseen
tweet for a real world test.




REAL WORLD TEST

<« Post

ﬁ AlexBecker QWY & =

Myria my word you filthy flamingo

Two things
A) | told you about this a month ago (toots horn)
B) | feel like MYRIA is will move like beams infrastructure little brother.

My jellys tell me Beam will hit a multi multi bil mc, Myria will hit at least a

bil chasing it (10x from here). Predicted Actual

O Myria price MYRIA

$0.01422 - 22667% (imo) 624 Likes 634 Likes

Random Forest

Myria to USD Chart

121 Comments 148 Comments

1D 7D ™

639 Likes 634 Likes
LSTM

113 Comments 148 Comments




msg_template = f"""

i e OpenAl APIs were used to generate

Flesh Reading Ease: {flesch_reading_ease(sample_sentene)}

Flesh Kincaid Grade: {flesch_kincaid_grade(sample_sentene)} h b h lf
Gunning Fog: {gunning_fog(sample_sentene)} COI I ” I Ients On t e Users e a .
Smog Index: {smog_index(sample_sentene)}

Dale Chall Readability Score: {dale_chall_readability_score(sample_sentene)}

Automated Readability Index: {automated_readability_index(sample_sentene)} "Myria my WOI’d yOu ﬂ lthy 'ﬂamlng()

Coleman Liau Index: {coleman_liau_index(sample_sentene)}

These are some of the replies the user has made in the past:

1. 17f]s TIvg Two things

2. Highly waiting hoping to get opportunity to participate

A) | told you about this a month ago (toots horn)
Ea B) | feel like MYRIA is will move like beams infrastructure little
i pormat(tueet) brother.

My jellys tell me Beam will hit a multi multi bil mc, Myria will hit
at least a bil chasing it (10x from here).”

It seems like you are quite passionate about the potential of Myria and Beam. It's always
exciting to see the potential for growth in the market. Can you share more about what
you find promising about these projects?



Gordon 2 @ inGordon - 11h

Looks good, glad I bought the exact bottom on this! (| always do) Zoe Norton @7oeN x - 11h
R Zh i - 4 #" Have you seen $X Alex? This is low MC in privacy narratives, so underrated
R S o when you think they building a platform for anonymous crypto transfers
and encrypted messaging. @Xcomerc20
427224 @ C |

SNAKA and $SHRAP WI|| follow 100%

Y
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| jerzare @jerzare - 41
@memdotai mem it
tehMoonwalkeR & @tehMoonwalkeR - 10|

3\ 4
L S |

agree Smyria will be a future gaming giant

Y ) 4 ™) 4cC

1 1 B Mem & @memdotai - 4h

. Saved to your Mem inbox!
Wolf Lopez £ @wolfmoneybag - 11h L3 We weren’t able to generate a public link because this thread was flagged
SMYRIA will pump like craazy by our content policy.
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| Swoop § & @swoopingnow - 10h
Been running myria nodes for months. Lfg

" Have alook at $BAZ %—E‘ ser Becker | gave you the pudgied at pico bottom.
__ $BAZED to 1 billion mcap and beyond.
£ Foolbuster & & @ uster@7 - 8h ) ‘ _ _
\ ..’ bought late but happy W|th $250 profit as of now gy @ 1 Q3 ihl 2.9K 9 s

Julius | VibrantVinyls.eth & @Julius Is Me - 3h
Going freaking scorched earth @

Y
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Network Size

We will need
sufficient network
size to properly
simulate and
assess the
network effect

7))  CHALLENGES

Computation

As the network size
grows, more
computational
power would be
required to simulate
and maintain
individual users

Generalization

A representative
network needs to
be constructed to
accurately
represent a real
world scenario







