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The effects of social data sampling

Paper:

[1] Wu, Rizoiu, and Xie. “Variation across Scales:
Measurement Fidelity under Twitter Data Sampling.” In
Proceedings of ICWSM, 2020.

Dataset:
Complete/Sampled Retweet Cascades Datasets

Software:
Twitter-intact-stream: reconstructing the complete Twitter
filtered stream

Variation across Scales: Measurement Fidelity under Twitter Data Sampling
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Abstract

A compreheasive understanding of data quality is the cor-
nerstone of measurement studies in social media research.
Ths paper presents in-depth measurements on the effects of
Twitter dats ssmpling across different timescales and differ-
ent subjects (entilies, networks, and cascades). By construct-
ing complete tweet streans. we show that Twitter rate limit
message is an accurate indicator foe the volume of missing
tweets. Sampling also differs significantly across timescales.
While the hourly sampling rate is influenced by the diurnal
shythm in different time zones, the millisecoad level sampling
is beavily affected by the implementation choices. For Twit-
ter entities such as users, we find the Bemoulli process with a
uniform rate spproimates the empirical distributions well. It
also allows us to estimate the true ranking with the observed
sample data. For networks on Twitter, their structures are al-
tered significantly and some components are more likely 1o be
preserved. For retweet cascades, we observe changes in dis-
tributions of tweet inter-arrival time and user influence, which
will affect models that rely on these features. This work calls
attention o noises and potential biases in social data, and pro-
vides a few tools to measure Twitter sampling effects.

1 Introduction
“Polls are just a collection of statistics that reflect what
people are thinking in “reality’. And reality has a well-
known liberal bias.” - Stephen Colbert'

Data quality is a timely topic that receives broad attention.
The data noises and biases particularly affect data-driven
studies in social media (Tufekci 2014: Olteanu et al. 2019).
Overrepresented or underrepresented data may mislead re-
searchers to spurious claims (Ruths and Pfeffer 2014). For
example, opinion polls wrongly predicted the U.S. presiden-
tial election results in 1936 and 1948 because of unrepre-
sentative samples (Mosteller 1949). In the era of machine
leaming, the data biases can be ified by the

account of the hidden biases in their datasets for drawing rig-
orous scientific conclusions.

Twitter is the most prominent data source in ICWSM - 82
(31%) out of 265 full papers in the past 5 years (2015-2019)
used Twitter data (listed in Section A of (Appendix 2020)),
in part because Twitter has relatively open data policies,
and in part because Twitter offers a range of public applica-
tion p ing i (APIs). R hers have used
Twitter data as a lens to understand political clections (Bovet
and Makse 2019), social movements (De Choudhury et al.
2016), information diffusion (Zhao et al. 2015), and many
other social phenomena. Twitter offers two streaming APIs
for free, namely sampled stream and filtered stream. The
filtered stream tracks a set of keywords, users, languages,
and locations. When the matched tweet volume is above a
threshold. Twitter subsamples the stream, which compro-
mises the completeness of the collected data. In this paper,
we focus on empirically quantifying the data noises resulted
from the sampling in the filtered stream and its impacts on
common measurements.

This work addresses two open questions related to Twitter
data sampling. Firstly, how are the tweets missing in the
filtered stream? The sampling mechanism of the sampled
stream has been extensively investigated (Kergl, Roedler,
and Secber 2014; Pfeffer, Mayer, and Morstatter 2018). but
relatively little is said about the filtered stream. Since the two
streaming APIs are designed to be used in different scenar-
ios, it is pivotal for rescarchers who use the filtered stream
to understand what, when, and how much data is missing.
Secondly, what are the sampling effects on common mea-
surements? Our work is inspired by Morstatter et al. (2013),
who measured the discrepancies of topical. network, and ge-
ographic metrics. We extend the measurements to entity fre-
quency, entity ranking, bipartite graph, retweet network, and
retweet cascades. The answers to these questions not only

models. For example, models overly classify agents doing
cooking activity as female due to overrepresented correla-
tions (Zhao et al. 2017), or lack the capacity to identify dark-
skinned women due to underrepresented data (Buolamwini
and Gebru 2018). Hence, researchers must be aware and take

Copyright Assocuation for the Advancement of Artificial
Intelligence (www.aasi.org). All rights reserved.
" At the 2006 White House Correspondents’ Dinner.

help shape 7 but also help
platforms improve their data services.

‘We address the first question by curating two datasets that
track suggested keywords in previous studies. Without lever-
aging the costly Twitter Firchose service, we construct the
complete tweet streams by splitting the keywords and lan-
guages into multiple subcrawlers. We study the Twitter rate
limit messages. Contradicting observations made by Samp-
son et al. (2015), our results show that the rate limit mes-




Twitter data is prevailing, but it may get sampled

studies searches tweetsof  roughly 1%
the past 7 days

~5% sampling rate

104 (31%) out of 337 ICWSM papers
use Twitter data (2015-2020)
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Q1. How are the tweets missing in the filtered stream?
Q2. What are the effects on common measurements?

Contribution: a comprehensive measurement study of the Twitter sampling effects

across different timescales and different subjects 5



Twitter rate limit messages

e Filtered streaming: collecting tweets matching a set of prescribed predicates in realtime?, e.g., “COVID-19”
e Ineachsecond, no more than 50 tweets will be returned?.
e Rate limit messages indicate the cumulative number of missing tweets since the connection starts®.

Blocks of streamed tweets

{"limit":{"track":28469226,"timestamp_ms":"1585785737733"}}

{"limit":{"track":28469434,"timestamp_ms":"1585785738725"}}

{"limit":{"track":28469643,"timestamp_ms":"1585785739742"}}

N

S
N

S

1sec, 28469434 - 28469226 = 208 missing

1sec, 28469643 - 28469434 = 209 missing

[1] https://developer.twitter.com/en/docs/tweets/filter-realtime/overview/statuses-filter

[2] hitps://developer.twitter.com/en/docs/labs/filtered-stream/faq

[3] https://developer.twitter.com/en/docs/tweets/filter-realtime/guides/streaming-message-types 6
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Constructing the complete filtered stream

e Strategy: splitting the filtering predicates into multiple subcrawlers.
e 2datasets: Cyberbullying (sampling rate: 52.72%) and YouTube video sharing (91.53%).

Id Keywords Languages #collected tweets  #rate limit  #est. missing tweets  sampling rate
1 should en 29,647,814 1,357 7,324 99.98%
2 should all\en 801,904 0 0 100.00%
3 live en 16,526,226 1,273 25,976 99.84%
4 live all\en 7,926,325 233 7,306 99.91%
5 kill, fight, all 15,449,973 16 108 100.00%
poser, nerd,
freak, pig
6 dick, suck, gay, all 13,164,053 15 125 100.00%
loser, whore, cunt
7 pussy, fat, die, all 21,333,866 89 1,118 99.99%
afraid, emo, slut
8 bitch, wannabe, all 14,178,366 64 666 100.00%
whale, slept,
caught
complete subcrawlers 1-8 all 114,488,537 3,047 42,623 99.96%
sample all 25 keywords all 60,400,257 1,201,315 54,175,503 52.72%

[1] Obtained via a Twitter data reseller https://discovertext.com/



https://discovertext.com/

Constructing the complete filtered stream

e Strategy: splitting the filtering predicates into multiple subcrawlers.
e 2datasets: Cyberbullying (sampling rate: 52.72%) and YouTube video sharing (91.53%).
e Validation: single crawler + rate limit messages vs. (1) Firehose stream? / (2) multiple subcrawlers.

" firehose: 91,977 —— filtered: 66,322 —— estimated: 92,040
. @ 200
vs. Firehose stream 2
#*
MAPE: 0.007
0 - T ; - :
00:00:00 00:05:00 00:10:00 00:15:00 00:20:00
Jan 06, 2017
collected tweets o 5 &5 55
541
vs. multiple subcrawlers .
missing tweets [ X MO  SCE— somsenex | msssscmsr | semm— [counomensx | o | o———
MAPE: 0.001 905/893 | 93/ 90| 83/83| 89/84| 70/ 70| 99/96(101/100| 62/62| 77/77| 76/76| 78/ 79| 77/76
15:3]2:06 15:3]2108 15:3I2:10 15:3I2:12 15:3I2:14

multiple subcrawlers ~= single crawler + rate limit messages ~= Firehose stream

[1] Obtained via a Twitter data reseller https://discovertext.com/
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Temporal variation of sampling rates

e Sampling rates are uneven in different hours or in different milliseconds.

: 1.00-
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What are the sampling effects on common measurements?
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The patterns of users engagement towards online content
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Using Bernoulli process with a uniform rate to approximate the empirical data

e Assumptionused in prior studies but not validated .
metric: D-statistic .D(G,G") = max, {|G(x) — G'(x)|}
Complete frequency — Sample frequency: binomial distribution Pr(n_)~Binomial(n, p).
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=\ _ (") 71 ~\n.—n 2 ~ 0-27 |
Pr(ns‘nwp) - (n:)p s(l_p) o .5005 IL
o U. b =
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complete frequency n¢ sample frequency ns

11



Using Bernoulli process with a uniform rate to approximate the empirical data

Assumption used in prior studies but not validated .
metric: D-statistic .D(G,G") = max, {|G(x) — G'(x)|}

Complete frequency — Sample frequency: binomial distribution Pr(n_)~Binomial(n, p).

Sample frequency — Complete frequency: negative binomial distribution Pr(n_)~NegBinomial(n,, p).

0.15 - —e— empirical
S o P~ —=— negative binomial
=\ _ — =N =\N.—N ] — . 1
Pr(n.|ng, p) = (n§_1)p (1-p) " 80.101 'LO 10
© <
Mg + <
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E(n.) > 2 o5 £0.05
[a 8
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Estimating true ranking from the sample set

e Theranks of most active users are distorted, but can be corrected.

agreement improved
after correcting ranks
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Impacts on retweet cascades

e 2 prominent features: inter-arrival time, user influence
e Strongrisks in research that concerns the activity history of each user

5214 complete cascades: 22
» O/ sample cascades: 16
()
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Impacts on retweet cascades

e 2 prominent features: inter-arrival time, user influence
e Strongrisks in research that concerns the activity history of each user

1.0- Lo
i | —— sample
. . | —— complete
;\<| 05 i 106 secs
5 O
Q 23 secs
0.0

010° 102  10*  10°
inter-arrival time (sec)
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Summary

e The volume of missing tweets can be estimated by Twitter rate
x=657 limit messages.
e Tweet sampling rates vary across different timescales.

E 1. How are the tweets missing in the filtered stream?

e Bernoulli process with a uniform rate can approximate the empirical
entity distribution.

e Trueentity ranking can be inferred based on sampled observations.
Sampling compromises the quality of diffusion models, since
inter-arrival time is significantly longer in the sampled stream, while
user influence is lower.

JL/\ 2. What are the sampling effects on common measurements?

16
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Characteristics of video recommendation network
How to model video popularity under recommender systems?

The patterns of users engagement towards online content

Conclusion and looking ahead
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The network effects induced by the recommender systems

Papers:

[1] Wu, Rizoiu, and Xie. “Estimating Attention Flow in Online
Video Networks.” In Proceedings of CSCW, 2019.

[2] Shin* Tran*, Wu* Mathews, Wang, Lyall, and Xie.
“AttentionFlow: Visualising Dynamic Influence in Ego
Networks.” Under review, 2020.

Dataset:
Vevo Music Graph Dataset

Award:
CSCW’19 Best paper honorable mention award

Demo:
AttentionFlow

AttentionFlow: Visualising Dynamic Influence in Ego Networks

Category: Rescarch
Paper Type: System
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Estimating Attention Flow in Online Video Networks

SIQI WU, Australian National University & Data 61, CSIRO, Australia
MARIAN-ANDREI RIZOIU, University of Technology Sydney & Data 61, CSIRO, Australia
LEXING XIE, Australian National University & Data 61, CSIRO, Australia

Online videos have shown tremendous increase in Internet traffic. Most video hosting sites implement
recommender systems, which connect the videos into a directed network and conceptually act as a source of
pathways for users to navigate. At present, little is known about how human attention is allocated over such
large-scale networks, and about the impacts of the recommender systems. In this paper, we first construct the
VEvo network — a YouTube video network with 60,740 music videos interconnected by the recommendation
links, and we collect their associated viewing dynamics. This results in a total of 310 million views every
day over a period of 9 weeks. Next, we present large-scale measurements that connect the structure of the
recommendation network and the video attention dynamics. We use the bow-tie structure to characterize the
VEvo network and we find that its core component (23.1% of the videos), which occupies most of the attention
(82.6% of the views), is made out of videos that are mainly recommended among themselves. This is indicative
of the links between video recommendation and the inequality of attention allocation. Finally, we address
the task of estimating the attention flow in the video recommendation network. We propose a model that
accounts for the network effects for predicting video y. and we show it ly

the baselines. This model also identifies a group of artists gaining attention because of the recommendation
network. Altogether, our observations and our models provide a new set of tools to better understand the
impacts of recommender systems on collective social attention.

CCS Concepts: « H d ing — Empirical studies in ive and social com-
puting.

Additional Key Words and Phrases: YouTube; recommender system: empirical measurement; network effects;
online attention; popularity prediction

ACM Reference Format:

Siqi Wu, Marian-Andrei Rizoiu, and Lexing Xic. 2019 Estimating Attention Flow in Online Video Networks.
Proc. ACM Hum.-Comput. Interact. 3, CSCW, Article 183 (November 2019), 25 pages. hitps://dof.org/10.1145
3359285

1 INTRODUCTION

Many online platforms present algorithmic suggestions to help users explore the enormous con-
tent space. The recommender systems, which produce such suggestions, are central to modern
online platforms. They have been employed in many applications, such as finding new friends on
Twitter [41], discovering interesting communities on LinkedIn [40}, and recommending similar
goods on Amazon [18, 33]. In the domain of multimedia, service providers (e.g., YouTube, Netflix,
and Spotify) use recommender systems to suggest related videos or songs [9, 16, 17, 20, 54]. Much
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http://43.240.97.170:3001/#/overview/video/rYEDA3JcQqw

Recommender systems are ubiquitous in online platforms

Collaborative Filtering [Davidson et al. RecSys '10]
[Bendersky et al. KDD '14]

Deep Learning [Covington et al. RecSys '16]
[Beutel et al. WSDM 18]

Reinforcement Learning [Chen et al. WSDM ’19]
[le et al. IJCAI'19]

Unbiased recommendation |7hao et al. RecSys 19|
[Yiet al. RecSys’19]

Q1. What does the recommendation network look like?
Q2. What are the network effects on video popularity?

the first large-scale study on the network effects induced by the YouTube
recommender systems and a new model for estimating the attention flows over the network



The “Hello” effect

e Therelease of “Hello” excited other videos from Adele!!!,

The release of “Hello”

/

- Hello 1.5M A Someone like you
£ - 20M 4
Skyfall —i 1.0M A
1am- : 500K -
0 . T T I| T T L T T T T T T ll T T T
Hometown glory.~ " Skyfall
s
2 i 1.0M 4
2
©
}1‘ -O 0 0 T T I T T T T T T T
W _:'"Rolling in the deep 1.0M - Hometown glory
\ / / 400K -
Someone like you . / 500K A —
. Set fire to the rain S VP S
0 0-

less views more views

‘10 12 12 *13 14 *15 ‘16 “17 !'18 “19

[1] Adele’s 'Hello’ Has Biggest YouTube Debut of Any Video This Year | Billboard https://bit.ly/2F6WLVQ
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VEVO music graph dataset

e 60,740 music videos from 4,435 VEVO artists who are active in major English-speaking countries.

e 337K~394K directed links in 63 daily snapshots.
e Links consist of non-personalized feed from YouTube API.

Adele - Rolling in the Deep
Ellie Goulding - Love Me Like You Do B em

OneRepublic - Counting Stars S Plnk - Just Give Me A Reason

Rihanna - Diamonds

o}

— Katy Perry - Roar

3 Katy Perry - Last Friday Night

o
°
ST 07 000

Se—
Justin Bieber - Beauty And A Beat
Justin Bieber - Sorry Jennifer Lopez - On The Floor

Mark Ronson - Uptown Funk

O

less-

smaller-

o O

more views

larger indegree
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Popularity bias in the recommendation network

e Videosdisproportionately point to more popular videos.

39,848

95,664 16,900 19,164

(25%, 50%] (50%, 75%]

22



The bow-tie structure

e LSCC: largest strongly connected component.
e IN:nodes canreach LSCC, but not reachable from the nodes in LSCC.
e OUT: nodes that can be reached by LSCC but not pointing back to LSCC.

Web graph 1997 VEVO network

Tendrils
/44 Million\
nodes

Tendrils

" 1.5K videos
2.47%

IN

=== -
44 Million nodes

LSCC

56 Million nodes

LSCC
14K videos

44 Million nodes

IN
41.6K videos
68.54%

i ouT
212 videos
0.35%

Disconnected
2.9K videos
4.74%

o
Qo

0 ~——_ Disconnected components
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The attention bow-tie of Vevo network

e Attentionflowinonedirection: IN— LSCC — OUT.
e [|SCC(23.1% of the videos) occupies most of the attention (82.6% of the views).
e IN component shrinks (68% — 12%).

attention bow-tie structure bow-tie

Tendrils Tendrils
3.2M view " 1.5K videos
1.13% 2.47%

LSCC i ouT IN LSCC i ouT
239M views 9.8M views 41.6K videos 14K videos 212 videos
3.40% 68.54% 0.35%
@)
000 O O
Y Disconnected Disconnected
: 2.9K videos
222K views
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Outline

3. The network effects induced by the recommender systems

e Characteristics of video recommendation network

4. The patterns of users engagement towards online content

5. Conclusion and looking ahead
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Baseline methods

e Seasonality -> Seasonal Naive model (SN)

VJ—?—O—O—O—O—O—H— 304

25 -

e Autocorrelation -> AutoRegressive model (AR) -
a

\V4 g 155
wn

10 -

e RNN with LSTM units 5

@ Training day @ Predicting day

13.955
0319 [0.193 [0.087
Naive SN AR RNN
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ARNet model and results

Baselines:
e Seasonality -> Seasonal Naive model (SN)

e Autocorrelation -> AutoRegressive model (AR)
e RNN with LSTM units

Proposed model:
AutoRegressive + Network (ARNet)

YU [t] = Z:}:l aU,TYU [t - Tl + E(u,v)EG /Bua’UYU [t]

N

S 4

~

latent interest network ef fect

@® A Training day @® A Predicting day

SMAPE

30 A

25 A1

20 A1

15 A

101




Which artists benefit the most from the recommendation network?

Estimated network contribution ratio: z(“ﬂ/’)fﬁ@ Bup Yo

Y,
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New demo: AttentionFlow

e AttentionFlow: a new system to visualise a collection of time series and the dynamic network influence.

1.6M
1.4M
1.2M

1™
200K
600K -
400K
200K
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1 1
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«‘?{@onger at Doesn't Kill Ya

Adele - Someone Like You
881.9M views (2011/9/29 ~ 2017/6/1)
Contribute 268,284,419 views

Receive 411,704,896 views

[ Hovered node ]/

@hll (Lyric Video)
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g in the Deep

~ [Hovered] received views from [Ego]

1.1B views

g o?r%\?a/r?c/% Edit)

o
Time slider
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Summary

A
N 1. How to build the network of videos from recommender systems?
O Building a non-personalized video network from YouTube API.
O

(@)
2. Characteristics of the recommendation network

e Popularity bias
e Unequal attention allocation

o
4

3. How to model video popularity under recommender systems?

j i A model taking account of network information.

8 ° °
e Estimating link strength for each recommendation link.

T ® o
HO [ F——e o o
T o o
e

I o

H [ —moo

)—E]—(o oo
-

H T }—— eao o
H T ——eo
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Outline

The patterns of users engagement towards online content

How to measure aggregate engagement?
Characteristics of aggregate engagement
Can aggregate engagement be predicted?

Conclusion and looking ahead
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The patterns of users engagement towards online content

Will This Video Go Viral? Explaining and Predicting the
Popularity of Youtube Videos

Quyu Kong Marian-Andrei Rizoiu

.
Papers: A e R
Canberra, Australia

Canberra, Australia

Lexing Xie

Beyond Views: Measuring and Predicting Engagement in Online Videos hat have been recently proposed for model
2,6, 10, 16), there is no readily available

[1] Wu, Rizoiu, and Xie. “Beyond Views: Measuring and e T 5 I
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1 Introduction

Attention is a scarce resource in the modern world. There
are many metrics for measuring attention received by online
content, such as page views for webpages, listen counts for
songs, view counts for videos, and the number of impres-
sions for advertisements. Although these metrics describe
the human behavior of choosing one particular item, they
do not describe how users e with this item (Van Hen-
tenryck et al. 2016). For instance, an audience may become
immersed in the interaction or quickly abandon it - the dis-
tinction of which will be clear if we know how much time
the user spent interacting with this given item. Hence, we
consider popularity and engagement as different measures
of online behavior.

In this work, we study online videos using publicly avail-
able data from the largest video hosting site YouTube. On

total views in the first 30 days

Figure 1: Scatter plot of videos from three YouTube
channcls: Blunt Force Truth (pﬂlmc.llcnlcrl.nnmr:nL
blue circle). oy n triangle), and
heELL O total views
in the first ‘() days; y-axis: .A\vmxc watch percent

click a video, whereas cngagement is the watch pattern af-
ter clicking. While most rescarch have focused on mea-
suring popularity (Pinto, Almeida, and Gongalves 2013;
Rizoiu et al. 2017), engagement of online videos is not well
understood, leading to key questions such as: How to mea-
sure video engagement? Docs engagement relate to popu-
larity? Can engagement be predicted? Once understood, en-
gagement metrics will become relevant targets for recom-
mender systems to rank the most valuable videos.

In Fig. 1. we plot the number of views against the aver-
age percentage watched for 128 videos in 3 channels. While
the entertainment channel Blunt Force Truth has the
least views on average, the audience tend to watch more than
80% of each video. On the contrary. videos from the cooking
vlogger KEEMI have on average 159508 views, but they are
watched only 18%. This example illustrates that videos with
a high number of views do not necessarily have high watch
percentages, and prompts us to investigate other metrics for
describing engagement.

Recent progress in understanding video popularity and the

YouTube, popularity is as the willingness to
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of new datasets allow us to address three open
questions about video cngagement. Firstly, on an aggregate
level, how to measure engagement? Most engagement lit-
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View count does NOT translate to watch time'*?
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OBAMA SURPRISES BIDEN WITH PRESIDENTIAL MEDAL OF FREEDOM

> ) 1027/2422 - e - A i I

BREAKING NEWS

Obama's surprise brings Joe Biden to tears
CNN

o] [~ 3,917,179 views
+ st @ share eee More 1§ e0: P 2128

Video statistics Upto 27 May 2018 @

VIEWS TIME WATCHED SUBSCRIPTIONS DRIVEN SHARES
3,907,719 62 years 2,375 8189

view count: 3,917,179
watch time: 62 years

[1] YouTube Now: Why We Focus on Watch Time https://bit.ly/2G%iuvc

All Bollywood SAD Reactions On Sridevi PASSING AWAY At A Young
Age

. Home Bollywud

=) nsmsmbe sox [~

7,833,595 views

+ Addto A sna ose M P »
Video statistics 10 27 May 2! (7]
VIEWS TIME WATCHED SUBSCRIPTIONS DRIVEN SHARES

7,833,080 32 years 15,860 5,589

view count: 7,833,595
watch time: 32 years

[2] Facebook: Updating How We Account For Video Completion Rates https://bit.ly/2juca5b
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Popularity and engagement for web content

m Popularity metrics Engagement metrics

Webpages Visit number Click-through-rate
[Li and Moore JMLR'08] [Richardson et al. WWW Q7]
Search ads Display number Conversion rate
[He et al. ADKDD '14] [Barbieri et al. WWW’14]
Songs Listening count Download number
[Bellogin et al. ICWSM ’13] [Krumme et al. PloS’12]
Videos View count Watch time
[Pinto et al. WSDM ’13] [Guo et al. L¢ % No browser extension

[Szabo and Huberman Com.ACM ’10] [Park et al. IC % Cold-start prediction

Q1. How to measure aggregate engagement?
Q2. Can aggregate engagement be predicted?

Contribution: the first large-scale measurement study of how users collectively engage with online
content and a new metric to describe content quality 34



Tweeted Videos dataset

Video duration: 4AM16S
Visual definition: HD or SD

Video Title:

Shawn Mendes - Treat You Better
Channel Id:
UC4-TgOSMJHN-LtY4zCzbQhw
Channel Title:
ShawnMendesVEVO

Freebase topics:

Shawn Mendes; Music; Music
video; Pop music

5 million YouTube videos published and tweeted in July and August 2016.

vevo

> » &) os54/276 [ < 0

Shawn Mendes - Treat You Better

Shawn Mendes

: w0~ 1,568,164,233 views
_: » e .ee e |ﬁ 5 ’I

Video statistics 1027 May 2018 @
VIEWS TIME WATCHED SUBSCRIPTIONS DRIVEN SHARES
1,567,753,681 9,538 years 537,285 6,402,448

Insight time series:
(a) Daily watch time

AVERAGE VIEW DURATION  3:11

Cumulative

paily @

v
§ ooosn . MM’W W*vw‘ww\wmwﬁm (b) Daily view count
y MM / (c) Daily share count
W .
Jul 2017 Oct 2017 Jan 2018 Apr 2018 (d) Avg- WatCh tlme
Category: Music
Language: en

35



Engagement maps
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Engagement maps

e x-axis: video length; y-axis: watch time or watch percentage.
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New metric: relative engagement

e Rank percentile of average watch percentage among videos with similar lengths

1.0

average watch percentage
average watch percentage

0.0 . . : — "UM?'\/\/& 0.0 ' . : ko v‘y‘ B
10 100 1000 10000 100000 10 100 1000 10000 100000

video duration (sec) video duration (sec)
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Outline

The patterns of users engagement towards online content

How to measure aggregate engagement?
Characteristics of aggregate engagement
Can aggregate engagement be predicted?

Conclusion and looking ahead
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Quality Videos datasets: Music and News

12454 views o s R RS 741,643,159 views - > 8- 1347932988 views
" o + Y P e A " o

Tweeted music clip Professional Vevo video Billboard top hit
449,314 videos 67,649 videos 63 videos

News Quality is improved

BREAKING NEWS 1

OBAMA SURPRISES BIDEN WITH PRESIDENTIAL MEDAL OF FREEDOM

[ — S5 11

Obama's surprise brings Joe Biden to tears

Tweeted news clip Top news video
459,728 videos 28,685 videos



Relative engagement is correlated with video quality
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Post-clicking behavior is only relevant to product quality. [Krumme et al. PloS 12|
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Relative engagement is stable over time
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Video Title: DC Super Hero Girls SO2E10 relative engagement

42



Outline

The patterns of users engagement towards online content

How to measure aggregate engagement?
Characteristics of aggregate engagement
Can aggregate engagement be predicted in a cold-start setup?

Conclusion and looking ahead
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Prediction task setup

Video duration: 4M16S

Channel activity level:
Daily upload number
Channel past engagement:
Summary of past performance

Visual definition: HD or SD
Category: Music
Language: en

Freebase topics:
Shawn Mendes; Music; Music
video; Pop music

» »l o) o054/416

Shawn Mendes - Treat You Better

Shawn Mendes

Prediction targets:

: v | (0~ 1,568,164,233 views
+raon owe PR (a) Relative engagement
Video statstios uptoz7er s @ (b) Avg watch percentage
‘?1;‘:;‘;753‘68“ TIME WATCHED SUBSCRIPTIONS DRIVEN SHARES

9,538 years 537,285 6,402,448

< Prediction method:
Ridge regression

Cumulative | Daily | @ AVERAGE VIEW DURATION  3:11

Evaluation metric:
R2

Published on 12 Jul 2016
Sha es; "Ti You Better
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Prediction results

Predict relative engagement Predict average watch percentage

1.0 1.0

0.7605
0.654 0.6604

R2

7596

0.6 0.6{ 05827 02971
o~
021 0.1854 0.201 0.2
o0 ORg2 | |,| H H . . . !
D 6 T C+T

D C P CHT R All CsP R Al

D: duration; C:context; T:topic; C+T: context+topic;
R: channel past reputation; All: all features; CSP: channel specific predictor

® R2upto0.45forrelative engagement and 0.77 for average watch percentage.
® Channelrelated features are the most predictive, consistent with

® Topicfeatures are somewhat predictive, contrasting to

CSP

45



What are engaging topics?

Conditional entropy: H(Y|X; = 1) = — Y .y P(ylz; = 1)log, P(ylz; = 1)
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Summary

V;: d.8ap3050hU

80%

1. How to measure aggregate engagement?

40%

Relative engagement - a new metric calibrated against video duration.

i

mmm Tweeted Music
X Vevo
i,( mm Billboard

2. Characteristics of aggregate engagement

e Relative engagement is correlated with content quality.
e Relative engagement is stable over time.

baseball music book

3. Can aggregate engagement be predicted?
gl -1 Engagement can be predicted before a video’s upload, achieving R2=0.77.

obama H

reiative engagement
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Outline
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Research scope
The effects of social data sampling
The patterns of users engagement towards online content

The network effects induced by the recommender systems

Conclusion and looking ahead

48



Conclusion

RQ1: Social data sampling

1. The volume of missing
tweets can be estimated by
rate limit messages.

2. Tweet sampling rates vary
across different timescales.

3. True entity statistics (e.g.,
distribution and ranking) can
be inferred based on sampled
observations.

RQ2: Recsys network effects
1. Methods of building the
non-personalized content
recommendation network.

2. Characteristics of the
recommendation network.

3. A model that estimates the
network contribution
between videos and artists.

RQ3: Collective engagement
1. A new metric “relative
engagement” that calibrates
against video length.

2. Correlated with video
quality and stable over time.

3. Engagement metrics can be
predicted in a cold-start
setup.

Implications: methods and observations can be used by content producers, hosting sites, and online users
to improve content production, advertising strategies, and recommender systems.

Long-term goal: developing principles for responsible platforms by using and
to measure and model the collective user behavior.



Publications

Unsupervised Cyberbullying Detection via Time-Informed Gaussian Mixture Model.
Cheng, Shu, Wu, Silva, Hall, and Liu. In proceeding of CIKM, 2020. (Full paper)

AttentionFlow: Visualising Dynamic Influence in Ego Networks.
Shin*, Tran*, Wu* Mathews, Wang, Lyall, and Xie. Under review. (Short paper)

Variation across Scales: Measurement Fidelity under Twitter Data Sampling.
WU, Rizoiu, and Xie. In proceeding of ICWSM, 2020. (Full paper)

Estimating Attention Flow in Online Video Networks.
W, Rizoiu, and Xie. In proceeding of CSCW, 2019. (Full paper, best paper honorable mention)

How is Attention Allocated? Data-driven Studies of Popularity and Engagement in Online Videos.
Wau. In proceeding of WSDM, 2019. (Doctoral Consortium)

Beyond Views: Measuring and Predicting Engagement in Online Videos.
Wou, Rizoiu, and Xie. In proceeding of ICWSM, 2018. (Full paper)

Will This Video Go Viral? Explaining and Predicting the Popularity of Youtube Videos.
Kong, Rizoiu, Wu, and Xie. In proceeding of WWW Companion, 2018. (Demo)
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Software, Demo, Data, and Award

Software

Youtube-insight [6]: collecting metadata and historical data for YouTube videos.

e  Twitter-intact-stream [3]: reconstructing the complete Twitter filter stream.
Demos
e AttentionFlow [2]: a new system to visualise a collection of time series and the dynamic network influence.
e HIPie[7]: a new system to explain and predict the popularity of Youtube videos.
Datasets
e  Complete/sampled retweet cascades [3]: 2 sets of complete/sampled retweet cascades on cyberbullying and YouTube.
e  Vevo music graph [4]: 60K videos with 63 daily snapshots of the video recommendation network.
e  YouTube engagement '16 [6]: 5M videos published and tweeted in Jul-Aug 2016.
e  YouTube active '17: 330K videos published and tweeted 100+ times during 2017.
Awards
e CSCW 2019 Best paper honourable mention award [4]

2018 Google PhD fellowship
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Future work: Political polarization on YouTube

e Political echo chamber on Twittersphere.

Twitter retweet network

Twitter retweet network
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Future work: Political polarization on YouTube

Political echo chamber on Twittersphere.

42% users interact with both left- and right-leaning videos on YouTube.

New YouTube media bias dataset: 957 YouTube channels of media outlets, 414,923 videos published in
2020, and millions of comments and users who post the comments.

Q1: Who are the users doing cross-partisan conversation?

Q2: Are cross-partisan users getting more attention (e.g., votes, replies)?

Q3: Do cross partisan users compliment one party and belittle the other?

42.65%

13.32%

MSNBC Associated Press Fox News
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Thank you!

Family

Supervisory panel

CMLab folks

Lifelong friends
Collaborators
Mentors

Wife and parents, who always support me unconditionally!

T

Lexing Xie Marian-Andrei Rizoiu Cheng Soon Ong

Quyu Kong, Swapnil Misha, Alex Mathews, Dawei Chen, Minjeong Shin,
Dongwoo Kim, Alasdair Tran, Rui Zhang, Umanga Bista, and many others!

Lichen Liu (UPV-ITQ), Fangjie Xie (UCR), Lu Cheng (ASU),
Mert Ertugrul, Yu-Ru Lin (UPitt), Paul Resnick, James Park (UMich)

54



