Twitter-driven YouTube Views: Beyond Individual Influencers
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The Problem: Predicting Popularity in Social Media Dataset Results
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— Predicting popularity is an important open problem in social media. B [ijieeztf;if);reisﬁgserform significantly better than Table 2: Performance for EARLY prediction.

— Most current methods operate under the assumption that past popularity implies future Viewcount ]UMP EARLY Popul arity The best oredictor doubles the AP and nearl — ACTIVE is the best-performing feature group, and
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or when popularity history is unknown (Figure 2 Right). Observing Tweets about a video for 15  Observing Tweets about a video during consisting only of viewcount history. — P@100 > 0.7. This accuracy is maintained for pre-
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, _ ) . : days, we predict whether or not the video its first 15 days, we predict the top 5%
tive answer for the question: Can Twitter help predict YouTube popularity?

will go through a viewcount JUMP in the  videos after being online for D days, where
— This work takes the first steps towards answering questions like “will an obscure video next 15 days. D = 30.60.90.

suddenly become very popular, and when”, or “which videos will be the most popular N 10° e Feature Importance by Mutual Information
in 1, 2, or 3 months”? T . E T R
Pty 3o o ey R ) . | N - 5 5 x10-"Viewcount jumps 0.14 Early popularity
tsunami harry potter movie g : EB ‘ ‘ ‘ i i i i i
S S S Feg SN N 3.0 T 012 T
q% ACQ ! I L;) T e g - | | | | — — —
—~ ! | @ 10 . -
> Acyp oot ooes . | ! > | T e e T O
S — -_— === | | I 10° = = © @ e
2005 Apr 2007 Jul 2007 Oct 2007 8. | | : | = g 20 bl § 008 ||
B Aven e The aden Pk o vty apl elson Tusaates the st ametoe o an-onogenont bt of st 51 T Vo ofsarc S | —— ' 10° | | | | ‘ ‘ | | | T -2 =
queri(?s.for"H.arryPottermcfvie."Thesignifica{ﬂgﬁ'owthprecedingthereleasegfpthefil?nandsymmetricre?axationischaracteristicy;)fan “endogenous” burst Cl} tl t2 TT ! -E 1 =G N T R e E O 06 777777777777777777777777777777777777777777777777777 -
of actvty 2009-07-20 2009-11-15 10" = e © |
time ’ K v OB?JIarit . erce?\iile atﬁg ear;5 . " = =
Figure 2: (Left) Direct correlation of past popularity to future popularity, courtesy of Szabo and Huber- POPHETY P ! = LLO = O.04
man [4]. (Right) Two dynamic classes for popularity — endogenous and exogenous, courtesy of Crane and Figure 5: [llustration for defining a JUMP. _ o
Sornette [1]. Def; _ y ¢ ratio Ap — Ao Figure 6: Boxplots of video viewcounts, across the 0.0 N — | | 002} e
- CeHne viewcount INCLeMEnt 1atlo ari = ¢ —c»  popularity scale with bins of 5%, or 8000+ videos each. 0.0 - | — 0.00 L — o
here Ary represents the increment mn the obsel.‘va- Viewcounts of the 5% most popular and least pop- ' Std Sum Mean ' Std Sum Mean
Result Hi ghli ghts tion period, and Ar, that of the prediction period. 15+ videos span more than three orders of magni- - 7 Box blots of mutual inf ; 4 by feat ros. Th Cing tve feat
— A video is considered to have gone through a tude, while videos in the same bins (from the 10" to l;glirf /6. OX pIOtS Ot r;ué uat dm orma 1.0n gfroulf eth y rea urde %ggrega ,16,; e nll.os tﬁl f}rlm? e 3? HEES
(a) A video ranked highly by the JUMP predictor JUMP if Ar; is no more than the average view- 95" percentile) are within 30% views of each other. ( fs ¢ ) are genfi: rate q by ° , aggrtecgiga 10nt.0r DO J Ujlcv[P a,nh lAlFIin. (s mp 1es.t : a‘imgt a diverse
4.566 | | | | | | | | 1.2e3 Fioure 3: A vid count increment (0.16 in this work) and Ar; is no This shows that the top 5% of videos deviates from set of users (as reflected by a large std) mentioning an item is helpful for improving its popularity.
4.0c6 - h glilne 1 ' h 1:19 038 less than a significant fraction of all accumulated the general power-law behavior of rank vs popu-
o e 1.0e35 Vg eSS views (0.5 in this work). larity, and can be worthy prediction targets.
3. 5e6 ° views in its first 3 Summ ary
@) Z, )
O % o o months, and then
23.0e6 . |0.8e3 . o . . . . . o
9, 5ot Upload date: 2009-05-21 £ gaining 1.2 million Method Overview —User and content information from Twitter can be effectively used to predict video
" I . Q : +hi . . .
25 0e6 B wiyesa vitano |0-6e3= fo1}$w§ Wlt},zm }115 days. popularity on YouTube — popularity are predictable from one external source alone.
=>2.0e6 = e insert shows a ‘
© : SoFreakingCuteAlert RT @Jason_Pollock: O A led . p p o . . . . ... . .
51.5e6 This clip has viral written all over it |0-4e3 Tzeet hélkmg fobﬂ,us , Compute YT/ »  Jump? — Twitter user features associated with tweeting activities are more informative than
51.0e6 : P DI ubiEG Tound it from (¢ madeso g Video by celebrity Tweet features e raph features. Having a diverse range of users and associated tweeting activities is
O 3 10.2e3 5 user Alyssa Milano. Feature ? > sTap ' ) ) &
0.5e6 : = X-axis date format : Data aggregation - "= | EARLY? more informative than the total or average volume of activities of these users.
Petaor v onn i ; ; ; ; ; 0 _ _ 10 [
ob o o> o> o> o> o> o> o yy-MMM-dd. Compute e . . e . .
N’ \ g NI\ o o Q° . — Future work include leveraging diffusion patterns to further improve popularity pre-
WO oW e (08 Y W Y W e > Twi — d SVM classifier 51Ng P P pop yp
o™ 097 02 o A0 oV oV A9 Lo witter user {sum,mean,std} - . L
d o o WA Y faatures x {log-, -log} diction, or selecting a good set of users for prediction.
(b) A video ranked highly by the EARLY predictor Figure 4: A video 57 5
6.0e5— | | ‘ ‘ ‘ ‘ 80 with a few dozen
Twitter mentions and -
70, 200,000 o Features Video Tweet Example References
.E © . . . !
: 60 (- . ) . o
§ TD: DFML40m ik g E its t}f: rf t thl > C.lgys Feature group | Feature name | Meaning ”bc?"eet mention Tet"feet [1] R. Crane and D. Sornette. Robust dynamic classes revealed by measuring the response
: DEMIdorjudk ote that the video : ! . et | . . ;
> Upload date: 2009-10-03 50 2 popularity continues o L VIEWS ‘get"vf;?tmt Vector of previous viewcounts : @sayahenn RT @lranRiggedElect AN | function of a social system. Proc. Natl. Aca. Sci., vol 105 no 41, pages 15649-53, 2008
> - £ ' Five counting metrics that | Confirmation Video: http://bit.ly/HEccQ #iranElection : . . .
v ) 40% to rise even after the g)e g'haSht'?ag describe the properties of e p//lTY/ ...... T Han{emon [2] H. Kwak, C. Lee, H. Park, and S. Moon. What is twitter, a social network or a news
2 3 305 tweet volume has ta- A TnbcTweet | Y1060 tweets shout video o in video link  hashtag media? In WWW, pages 591-600. 2010.
S2.0e5 m Jefpc?rBylund = pered Off, illustrat- E«B TRT the observation interval. . . . . .
£ RT joshrescher: Obnosiousl eatehy and. |20°2 ing the prediction G.outdogree | Features on the Twitter user [3] H. Pinto, J. M. Almeida, and M. A. Gongalves. Using early view patterns to predict the
~ 1.0e5 sure to be the next over-linked meme we'll > power of Tweets that o GRAPH G.pagerank _ graph., describing. all users pOpUlar lty Of YOUtUbe VideOS. WSDM ,13
" all soon hate: http://bit.ly/2zE7Aa 10 = hapbened earlv in a E G.hubauthority | tweeting about video v. User Behavior o . .
: Vife% . lifecyclz Sl Zx.ggﬁiag e fentrires. that deseribe . [4] G. Szabo and B. A. Huberman. Predicting the popularity of online content. Commun.
010 0 10 20 30 40 50 60 > A.mention the behaviors of users U who v AActive behavior ACM, 53(8):80-88, Aug. 2010.
number of days since upload - A nbeTweet tweet about video wv. S5 tovrttobe gracan st e ot S ;::nq::zreid: S i's — . . . . .
g ART : : [5]]. Yang and J. Leskovec. Patterns of temporal variation in online media. WSDM 2011.
E P.mention Three features that describe [ 48 texina xie @rcina Nov 13 |
Demo PASSIVE P.nbcTweet the interactions users U 2omI2013 Geoff Holmes keynotes |
bRT receive from other weers. BT

http://cantabile.cecs.anu.edu.au/yt/demo/


http://cantabile.cecs.anu.edu.au/yt/demo/

