
Measuring collective attention in online content: 
Sampling, engagement, and network effects

Siqi Wu

PhD conclusion seminar
Aug 2020, ANU



2

A pathway of consuming online content

RQ1: Social data sampling
How does data sampling impact 

common measurements?

Social networking/community sites Media sites [Krumme et al. ’12]

Step 1: Which product should I click? Step 2: How should I engage with it?User-centric

RQ2: Recsys network effects
How does the recommender 

systems drive user attention?

RQ3: Collective engagement
Why are some products more 

engaging?

Item-centric



3

Outline

1. Research scope

2. The effects of social data sampling

● How are the tweets missing in the filtered stream?
● What are the sampling effects on common measurements?

3. The network effects induced by the recommender systems

4. The patterns of users engagement towards online content

5. Conclusion and looking ahead
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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



API Search Sampled streaming Filtered streaming

Usage Retrieving relevant 
tweets given a 
query

Streaming a sample 
of public tweets

Streaming 
matched tweets 
given a query

Rate 
limiting

180 or 450 calls / 
15 minutes

Roughly 1% of all 
public tweets

50 tweets /
1 second

Affected 
studies

Most, since it only 
searches tweets of 
the past 7 days

All, by default 
roughly 1%

USC COVID-19: 
~5% sampling rate
[Chen et al. ’20]

  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

Twitter data is prevailing, but it may get sampled

5

104 (31%) out of 337 ICWSM papers 

use Twitter data (2015-2020)
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Twitter rate limit messages

● Filtered streaming: collecting tweets matching a set of prescribed predicates in realtime1, e.g., “COVID-19”

● In each second, no more than 50 tweets will be returned2.

[1] https://developer.twitter.com/en/docs/tweets/filter-realtime/overview/statuses-filter
[2] https://developer.twitter.com/en/docs/labs/filtered-stream/faq
[3] https://developer.twitter.com/en/docs/tweets/filter-realtime/guides/streaming-message-types

Blocks of streamed tweets

{"id_str":"1245501748485242881", …}
{"limit":{"track":28469226,"timestamp_ms":"1585785737733"}}
{"id_str":"1245501752088150021", …}
-----------
{"id_str":"1245501752968908802", …}
{"limit":{"track":28469434,"timestamp_ms":"1585785738725"}}
{"id_str":"1245501756315860992", …}
-----------
{"id_str":"1245501756987097089", …}
{"limit":{"track":28469643,"timestamp_ms":"1585785739742"}}
{"id_str":"1245501760568995842", …}

1 sec, 28469434 - 28469226 = 208 missing

1 sec, 28469643 - 28469434 = 209 missing

● Rate limit messages indicate the cumulative number of missing tweets since the connection starts3.

https://developer.twitter.com/en/docs/tweets/filter-realtime/overview/statuses-filter
https://developer.twitter.com/en/docs/labs/filtered-stream/faq
https://developer.twitter.com/en/docs/tweets/filter-realtime/guides/streaming-message-types
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Constructing the complete filtered stream

● Strategy: splitting the filtering predicates into multiple subcrawlers.

● 2 datasets: Cyberbullying (sampling rate: 52.72%) and YouTube video sharing (91.53%).

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

https://discovertext.com/
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Constructing the complete filtered stream

● Strategy: splitting the filtering predicates into multiple subcrawlers.

● Validation: single crawler + rate limit messages vs. (1) Firehose stream1 / (2) multiple subcrawlers.

● 2 datasets: Cyberbullying (sampling rate: 52.72%) and YouTube video sharing (91.53%).

vs. multiple subcrawlers

MAPE: 0.001

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

vs. Firehose stream

MAPE: 0.007

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

https://discovertext.com/
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● Sampling rates are uneven in different hours or in different milliseconds.

Temporal variation of sampling rates
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Outline

1. Research scope

2. The effects of social data sampling

● How are the tweets missing in the filtered stream?
● What are the sampling effects on common measurements?

3. The network effects induced by the recommender systems

4. The patterns of users engagement towards online content

5. Conclusion and looking ahead
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● Assumption used in prior studies but not validated [Joseph et al. ’13, Pfeffer et al. ’18].

● metric: D-statistic [Leskovec and Faloutsos ’06].

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

● Complete frequency → Sample frequency: binomial distribution  Pr(n
s
)~Binomial(nc, p).
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● Assumption used in prior studies but not validated [Joseph et al. ’13, Pfeffer et al. ’18].

● metric: D-statistic [Leskovec and Faloutsos ’06].

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

● Complete frequency → Sample frequency: binomial distribution  Pr(n
s
)~Binomial(nc, p).

● Sample frequency → Complete frequency: negative binomial distribution  Pr(n
c
)~NegBinomial(n

s
, p).
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● The ranks of most active users are distorted, but can be corrected.

Estimating true ranking from the sample set

perfect align

agreement improved 
after correcting ranks

High sampling 
rate milliseconds

Low sampling 
rate hours
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Impacts on retweet cascades

● 2 prominent features: inter-arrival time, user influence [Zhao et al. ’15, Mishra et al. ’16].

● Strong risks in research that concerns the activity history of each user [Gaffney and Matias ’18].

elapsed time

#
u

se
r 

fo
llo

w
er

s
5214

2264

complete cascades: 22
sample cascades: 16

root tweet
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Impacts on retweet cascades

● 2 prominent features: inter-arrival time, user influence [Zhao et al. ’15, Mishra et al. ’16].

● Strong risks in research that concerns the activity history of each user [Gaffney and Matias ’18].

23 secs

106 secs
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Summary

1.  How are the tweets missing in the filtered stream?
● The volume of missing tweets can be estimated by Twitter rate 

limit messages.
● Tweet sampling rates vary across different timescales.

2.  What are the sampling effects on common measurements?
● Bernoulli process with a uniform rate can approximate the empirical 

entity distribution.
● True entity 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.
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Outline

1. Research scope

2. The effects of social data sampling

3. The network effects induced by the recommender systems

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

4. The patterns of users engagement towards online content

5. 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

http://43.240.97.170:3001/#/overview/video/rYEDA3JcQqw


Recommender systems are ubiquitous in online platforms

Method Papers

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]
[Ie et al. IJCAI ’19]

Unbiased recommendation [Zhao et al. RecSys ’19]
[Yi et al. RecSys ’19]

19

Adele - Hello

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

Contribution: 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 19
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● The release of “Hello” excited other videos from Adele[1].

The “Hello” effect

The release of “Hello”

less views more views

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

https://bit.ly/2F6WLVQ
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VEVO music graph dataset

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

● 337K~394K directed links in 63 daily snapshots.

● Links consist of non-personalized feed from YouTube API.

Adele - Hello

Katy Perry - Roar

Katy Perry - Last Friday Night

Ellie Goulding - Love Me Like You Do

OneRepublic - Counting Stars

Jennifer Lopez - On The Floor

Mark Ronson - Uptown Funk

Justin Bieber - Sorry

Justin Bieber - Beauty And A Beat

Jessie J - Bang Bang

Rihanna - Diamonds

P!nk - Just Give Me A Reason

Adele - Rolling in the Deep

smaller- larger indegree

less- more views
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Popularity bias in the recommendation network

● Videos disproportionately point to more popular videos.



● LSCC: largest strongly connected component.

● IN: nodes can reach LSCC, but not reachable from the nodes in LSCC.

● OUT: nodes that can be reached by LSCC but not pointing back to LSCC.

22

The bow-tie structure

Web graph 1997 [Broder et al. ’00] VEVO network

LSCC
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The attention bow-tie of Vevo network

structure bow-tieattention bow-tie

● Attention flow in one direction: IN → LSCC → OUT.

● LSCC (23.1% of the videos) occupies most of the attention (82.6% of the views).

● IN component shrinks (68% → 12%).
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Outline

1. Research scope

2. The effects of social data sampling

3. The network effects induced by the recommender systems

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

4. The patterns of users engagement towards online content

5. Conclusion and looking ahead
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Baseline methods

● Seasonality            -> Seasonal Naive model (SN)

● Autocorrelation  -> AutoRegressive model (AR)

● RNN with LSTM units

V

V

V

Training day Predicting day
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ARNet model and results

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

● Autocorrelation  -> AutoRegressive model (AR)

● RNN with LSTM units

Proposed model:
AutoRegressive + Network (ARNet)

V1

V2

Training day Predicting day



Estimated network contribution ratio:

28

Which artists benefit the most from the recommendation network?

Mark Ronson

Pharrell Williams

4 Non Blondes

Hoobastank

J-Kwon (American rapper)
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New demo: AttentionFlow 

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

Time slider

Ego node

Hovered node

[Hovered] received views from [Ego]

[Hovered] contributed views to [Ego]
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1. How to build the network of videos from recommender systems?
Building a non-personalized video network from YouTube API.

2. Characteristics of the recommendation network
● Popularity bias
● Unequal attention allocation

3. How to model video popularity under recommender systems?
● A model taking account of network information.
● Estimating link strength for each recommendation link.

Summary
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Outline

1. Research scope

2. The effects of social data sampling

3. The network effects induced by the recommender systems

4. The patterns of users engagement towards online content

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

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

Papers:
[1] Wu, Rizoiu, and Xie. “Beyond Views: Measuring and 

Predicting Engagement in Online Videos.” In Proceedings of 
ICWSM, 2018.
[2] Kong, Rizoiu, Wu, and Xie. “Will This Video Go Viral? 

Explaining and Predicting the Popularity of Youtube Videos.” 

In Proceedings of WWW Companion, 2018.

Dataset:
YouTube Engagement '16 Datasets

Software:
YouTube-insight: collecting metadata and insight data for 

YouTube videos

Demo:
HIPie 

http://www.hipie.ml/
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View count does NOT translate to watch time[1,2]

view count: 3,917,179 view count: 7,833,595<
watch time: 62 years watch time: 32 years>

[1] YouTube Now: Why We Focus on Watch Time https://bit.ly/2G9iuvc
[2] Facebook: Updating How We Account For Video Completion Rates https://bit.ly/2juca5b

https://bit.ly/2G9iuvc
https://bit.ly/2juca5b


Popularity and engagement for web content

Domains Popularity metrics Engagement metrics

Webpages Visit number
[Li and Moore JMLR ’08]

Click-through-rate
[Richardson et al. WWW ’07]

Search ads Display number
[He et al. ADKDD ’14]

Conversion rate
[Barbieri et al. WWW ’14]

Songs Listening count
[Bellogin et al. ICWSM ’13]

Download number
[Krumme et al. PloS ’12]

Videos View count
[Pinto et al. WSDM ’13]
[Szabo and Huberman Com.ACM ’10]

Watch time
[Guo et al. L@S ’14]
[Park et al. ICWSM ’16]

34

  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

★ No browser extension
★ Cold-start prediction

34
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Video duration: 4M16S

Visual definition: HD or SD

Category: Music

Language: en

Insight time series:
(a) Daily watch time

(b) Daily view count

(c) Daily share count

(d) Avg. watch time

Video Title:
Shawn Mendes - Treat You Better

Channel Id: 
UC4-TgOSMJHn-LtY4zCzbQhw

Channel Title: 
ShawnMendesVEVO

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

Tweeted Videos dataset

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

● x-axis: video length; y-axis: watch time or watch percentage.
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Engagement maps

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

● Rank percentile of average watch percentage among videos with similar lengths
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Outline

1. Research scope

2. The effects of social data sampling

3. The network effects induced by the recommender systems

4. The patterns of users engagement towards online content

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

5. Conclusion and looking ahead



Tweeted music clip
449,314 videos

Professional Vevo video
67,649 videos

Billboard top hit
63 videos

40

Music

News

Tweeted news clip
459,728 videos

Top news video
28,685 videos

Quality Videos datasets: Music and News

Quality is improved



Post-clicking behavior is only relevant to product quality. [Krumme et al. PloS ’12]
41

Relative engagement is correlated with video quality
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 Video Id: XIB8Z_hASOs

Video Title: DC Super Hero Girls S02E10

92.7% of videos stay within 0.1 in
relative engagement

Relative engagement is stable over time
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Outline

1. Research scope

2. The effects of social data sampling

3. The network effects induced by the recommender systems

4. 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? 

5. Conclusion and looking ahead
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Prediction targets:
(a) Relative engagement

(b) Avg watch percentage

Prediction method:
Ridge regression

Evaluation metric:
R2

Video duration: 4M16S

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

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

Visual definition: HD or SD

Category: Music

Language: en

Prediction task setup



● R2 up to 0.45 for relative engagement and 0.77 for average watch percentage.

Predict relative engagement Predict average watch percentage

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

45

Prediction results

● Channel related features are the  most predictive, consistent with [Cheng et al. WWW ’14].

● Topic features are somewhat predictive, contrasting to [Martin et al. WWW ’16]. 



● Conditional entropy: 

500 most frequent topics

46

What are engaging topics?

more informative

less informative



1. How to measure aggregate engagement? 
Relative engagement - a new metric calibrated against video duration.

2. Characteristics of aggregate engagement
● Relative engagement is correlated with content quality.
● Relative engagement is stable over time.

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

47

Summary
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Outline

1. Research scope

2. The effects of social data sampling

3. The patterns of users engagement towards online content

4. The network effects induced by the recommender systems

5. Conclusion and looking ahead
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Conclusion

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.

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.

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 data visualization and machine 
learning to measure and model the collective user behavior.
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Publications

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

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

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

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

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

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

7. 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.
● Twitter-intact-stream [3]: reconstructing the complete Twitter filter stream.

Demos
● AttentionFlow [2]: a new system to visualise a collection of time series and the dynamic network influence.
● HIPie [7]: a new system to explain and predict the popularity of Youtube videos.

Datasets
● Complete/sampled retweet cascades [3]: 2 sets of complete/sampled retweet cascades on cyberbullying and YouTube.
● Vevo music graph [4]: 60K videos with 63 daily snapshots of the video recommendation network.
● YouTube engagement '16 [6]: 5M videos published and tweeted in Jul-Aug 2016.
● YouTube active '17: 330K videos published and tweeted 100+ times during 2017.

Awards
● CSCW 2019 Best paper honourable mention award [4]
● 2018 Google PhD fellowship
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Future work: Political polarization on YouTube

● Political echo chamber on Twittersphere.

Twitter retweet network
[Brady et al. PNAS ’17]

Twitter retweet network
[Conover et al. ICWSM ’11]
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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.

MSNBC Fox NewsAssociated Press

● 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?

● ...
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Thank you!

Marian-Andrei Rizoiu Cheng Soon Ong

Family

Supervisory panel

CMLab folks

Lifelong friends 
Collaborators 

Mentors

Lexing Xie

Wife and parents, who always support me unconditionally!

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)


