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Initial Question

Does hashtag popularity escalate and decline

in relation to an event? Moreover, do hashtag

mentions associated with an event plateau at

a higher frequency than they do prior to the
event?



Notes: Twitter Trend Algorithm

“Twitter Trends are automatically generated
by an algorithm that attempts to identify
topics that are being talked about more right
now than they were previously. The Trends list
Is desighed to help people discover the 'most
breaking' breaking news from across the
world, in real-time.”

-Twitter blog, December 8, 2010



http://blog.twitter.com/2010/12/to-trend-or-not-to-trend.html

Motivation

e “Such events are becoming more regular and
larger in scale.”

* “Note that the goal of the model is not to
predict the occurrence of spikes, but to model
the changes in workload volume and
popularity of individual objects when spikes
occur”

— Characterizing, Modeling, and Generating
Workload Spikes for Stateful Services
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Revised Question

Is there is a general model that can fit Twitter
spikes reasonably well to predict decline rates
post data spikes?



Events of Interest

Kanye West: “Ima let you finish” - interrupts Taylor Swift
during her acceptance speech for Best Female Video
(September 13, 2009)

AlG Bailout - US Goverment bailed out AIG w/S180BN to keep
it from going bankrupt (Late 2008-Early 2009)

Rihanna Assault - Chris Brown assaults Rihanna pre-VMAs
(February 8, 2009)

Michael Jackson’s Death — dies unexpectedly from medicinal
poisoning (June 25, 2009)

Ballon Boy Hoax — boy thought to be in hot air balloon found
hiding in attic (October 15, 2009)

Swine Flu — Outbreak of a new influenza virus in the US (April
2009)



Data

Hourly hashtag counts for all hashtags
— March 2006 — November 2009

~ 300 million rows
~ 14 GB

AWK for data manipulation
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Regression Process

Download

Extract

Filter

Compile

Graph

Regression Analysis
Conclude



Building Regressions (See Chalkboard)

Least Squares
Log Transformation
Simple Regression

Polynomial Regression



function spikeplot(lin, pol, hourdata, t)

$Place estimated parameters into linear and trinomial models
lint = lin(2)*exp(lin(l)*t) + 1lin(3);
polt = pol(4)*exp(pol(3)*t + pol(2)*t."2 + pol(1l)*t."3) + pol(5);

$Plot all together

plot(t, polt,‘'color','r');

hold on;

plot(t, lint,'color’','g');

plot(t, hourdata,'color’','b','linestyle’,'-=");
hold off;

1
:;_2-
Y
4
5
:
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function [lin pol resid t] = spikefit(hourdata, baseline)
1 $hourdata is a column of consecutive data points
- $baseline is the observed tweet baseline

$lin model (coefficients in lin including)
% y = B2%*exp(Bl*t) + B3 (baseline)

$poly model (coefficients in poly including)
% y = Bd*exp(B3*t + B2*t"2 + Bl*t"3) + B5 (baseline)

DWW W N

ttime array

[row column] = size(hourdata);
t = l:row;

t = transpose(t);

tBaseline adjustment and log transformation
datafix = hourdata - baseline;
datalog = log(datafix);

tlinear fit log y = log B0 + Bl*t
linreg = polyfit(t, datalog, 1);
linfit = polyval(linreg, t);

tpoly fit (n=3) log y = log BO + Bl#*t + B2#%t"2 + B3#*t"3
polreg = polyfit(t, datalog, 3);
polfit = polyval(polreg, t);

tsolve for original BO
linregfix = linreg;
linregfix(2) = exp(linreg(2));
polregfix = polreg;
polregfix(4) = exp(polreg(4));




$residual values, squared sum of residual and R"2
SStotal = (length(datalog)-1) * var(datalog);
linresid = datalog - linfit;

1linSS = sum(linresid.”"2);

linrsq = 1 - 1inSS/SStotal;

polresid = datalog - polfit;

polSS = sum(polresid.”"2);

polrsqg = 1 - polSS/SStotal;

$return error (SSR and R"2)
resid = ones(2,2);
resid(1l,1) = 1linSS;
resid(2,1) = linrsq;
resid(1l,2) = polSS;
resid(2,2) = polrsq;

treturn parameters
lin(1:2) = linregfix(1:2);
lin(3) = baseline;
pol(1l:4) = polregfix(1:4);
- pol(5) = baseline;




Micheal Jackson's Death
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Kanye Interrups Taylor at VMAs
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Balloon Boy Incident
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Applications

Portfolio/Risk management
Marketing
Macroeconomic Predictions

Server Management



- | may 18,2010
- $1,214.30 per ounce
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Marketing

http://graphics8.nytimes.com/images/secti
on/jobs/200703/clipart/marketing-product-

jobs.ipg
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Ewittes

Twitter is over capacity.

Please wait a moment and try again. For more information, check out Twitter Status »
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Macroeconomic Predictions

Unemployment Rate (Percent - SA)
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Potential Errors

Indirect sampling (hashtags only)
Filters not related to event-related data spikes

Per Hour data vs. Per Minute data
— Accuracy vs. Noise

Missing Filters, Typos, etc

Scaling: Time, Volume
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