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Public Opinion

A complex collection of beliefs held by the population about specific subjects or
topics.
Public opinion has been traditionally evaluated using polls.

Drawbacks of Polls

Polls need to be conducted periodically in order to track a target topic over time.

Polls are unable to detect instantaneous changes in public opinion
[Akcora et al., 2010].

The way that polls are worded can bias the overall evaluation (cf.
[Schuman and Presser, 1996]).
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Social Media

Microblogging services are increasingly being adopted by people in order to
access and publish information.

Twitter: Massively used Microblogging platform where users post messages
limited to 140 characters.

Twitter users tend to publish personal opinions regarding certain topics and
news events.
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Opinion Mining or Sentiment Analysis

Application of NLP and text mining techniques to identify and extract subjective
information from textual datasets [Pang and Lee, 2008].

Opinion Mining Problems

1 Subjectivity Evaluation: subjective or objective?
2 Polarity Evaluation: positive or negative?

Approaches

1 Supervised: Based on corpora of evaluated opinions and machine learning.
2 Non-supervised: Based on a lexicon of opinion words and evaluation functions.
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Public Opinion, Opinion Mining, and Social Media

Opinions are provided freely and voluntarily by the users in Twitter.

Posted opinions could be aggregated and used to measure the public opinion
implicitly.

Limitations of Social Media for Public Opinion

Population which uses social media platforms is not necessarily a
representative sample of the entire population.

Benefits

Cheaply process greater amounts of data [Yu and Kak, 2012].

Opinions become available in continuous time streams =⇒ suitable for studying
the temporal properties of public opinion or opinion dynamics.
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Related Work

There has emerged an interest in understanding temporal aspects of opinions
and furthermore, in predicting future events from social media.

[Mishne and de Rijke, 2006] showed that opinions exhibit a certain degree of
seasonality in Twitter.

[O’Connor et al., 2010] correlated polls and sentiment analysis series from
Twitter. The sentiment series are able to capture broad trends in the survey data
but show great variation among different datasets.

Other examples: movie-box-office sales performance
[Asur and Huberman, 2010, Mishne and Glance, 2006], the evolution of the
stock market [Bollen et al., 2011].
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Related Work (II)

Predicting Elections with Twitter

According to [Tumasjan et al., 2010] the predictive power sentiment analysis
applied to elections is “close to traditional election polls”
[Gayo-Avello, 2011] states that this power is greatly exaggerated.

Discussions

To the best of our knowledge, no other research work has performed a deep
statistical analysis of opinion time-series created from social media.

We strongly believe that the study of the volatility and other aspects of opinion
time series will allow us to determine the limitations of assessing opinion
dynamics from social media.
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Our Case Study

We conduct an experimental exploration of opinion time series extracted from
Twitter related to the 2008 U.S. Presidential elections.

We used ARMA/ARIMA and GARCH models to determine if the series are
appropriate for making reliable forecasts.

We focus on different aspects of opinion time series, especially on the notion of
opinion volatility.
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Building Twitter Opinion Time Series

An opinion value Xt is a measure which reflects a dimension of the public
opinion regarding a specific topic.

An opinion time series is sequence of opinion values spaced at uniform time
intervals X1, . . . ,Xt , . . . ,Xn.

We need to convert a collection of timestamped tweets into opinion time series

The sentiment evaluation of the tweets was made by counting their positive
and negative opinion words from a given list

Opinion Values

Activity level: the number of tweets associated to the event in the time period

Positiveness: the average number of positive words per tweet in the period.

Negativeness: the average number of negative words in the period.

Polarity: Positiveness - Negativeness
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Dataset

250,000 tweets from June 1, 2008 to November 11, 2008.

All of the tweets are related to either the Democrat ticket (Obama) or to the
Republican one (McCain)

The Twitter Search API was used using one query per candidacy.

Felipe Bravo-Marquez LA-WEB 2012



Felipe Bravo-Marquez LA-WEB 2012



Time Series Analysis Tools

To establish if an opinion time-series should be discarded as a basis for a
predictive model, minimum amount of tests should be performed.

We are interested in modeling the conditional mean and the conditional
variance or volatility of the series

The past conditional variance or volatility of a time-series given past
observations, measures the uncertainty in the deviation of the time-series from
its conditional mean [Cryer and Chan, 2009].

We model the expected mean using the Box-Jenkins methodology
[Box and Jenkins, 1994] based on ARMA/ARIMA models

Generalized Autoregressive Conditional Heteroscedasticity (GARCH) models
[Engle, 1982, Bollerslev, 1986] for the volatility analysis.
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Box-Jenkins Models

ARMA(p,q) model

Xt =

p∑
i=1

αi Xt−i +

q∑
j=1

βjεt−j + εt (1)

Process Identification

ACF and PACF

ADF test for stationarity

Differentiation

Parameter Estimation

Residuals Analysis

Trend analysis

Seasonal Models
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Volatility

ARIMA models cannot generate reliable predictive model in presence of
volatility.

The patterns of changing from quiet to volatile periods is named as volatility
clustering.

The conditional variance or volatility can be estimated and forecasted using
GARCH models.

GARCH(q,p) model

Let σ2
t|t−1 be the expected conditional variance or volatility of a zero-mean

time-series rt at period t

σ2
t|t−1 = α0 +

q∑
i=1

αiε
2
t−1 +

p∑
j=1

βjσ
2
t−j|t−j−1 (2)
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Volatility in Opinion Time Series

Intuitively, during hectic periods, people tend to be more sensitive to information
and hence opinion trends register larger fluctuations
GARCH models are applied to zero-mean time series

A common approach used in financial time series (e.g stock prices) is to model
the returns of a positive time series (e.g stock prices) : rt = log( Xt

Xt−1
)

We could apply this transformation to the Positiveness and Negativeness
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Exploratory Analysis

The correlations of Positiveness and Negativeness were not significantly
different from zero

These results validate the idea of modeling positiveness and negativeness as
separate time series

To check the stationarity of the time series we conducted the Augmented
Dickey-Fuller test

Time series ADF test p-value
O.+ -7.117 < 0.01
O.- -9.567 < 0.01
M.+ -10.715 < 0.01
M.- -6.016 < 0.01

We reject the hypothesis of non-stationarity!
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Fitting ARMA models to the Data

Time series were separated into two parts, one for model fit/test and a second
part for time series forecasting

Model fitting/testing was conducted over the first three months of the US
elections

Model selection was performed by fitting high order models to each time series

The idea is to identify coefficients with significant error standard measures of
over-parameterized models
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ARMA forecasting results

Long−term Forecasts (60 steps a−head) for the Obama Positiveness Model

Days

P
o
s
it
iv

e
n
e
s
s

0 50 100 150

0
.0

0
.5

1
.0

1
.5

Long−term Forecasts (60 steps a−head) for the Obama Negativeness Model
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Long−term Forecasts (60 steps a−head) for the McCain Positiveness Model
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Long−term Forecasts (60 steps a−head) for the McCain Negativeness Model
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Forecasting results are far from being accurate
Fitted ARMA models can at least model the mean of future outcomes but not the
variance
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Volatility Analysis

We used the financial risk management convention of converting the original
time series to log return values

rt = log(
Xt

Xt−1
)

We checked statistical conditions of GARCH models

RO .+ RO .− RM .+ RM .−
Kurtosis 2.09 0.978 0.346 1.99

Zero-mean t-test p-value 0.936 0.955 0.999 0.925
McLeod-Li avg. p-value 0.000 0.023 0.002 0.000

α1 t-test p-value 0.000 0.015 0.004 0.001
β1 t-test p-value 0.000 0.000 0.000 0.000
Mean Volatility 0.028 0.073 0.058 0.119

We have statistical evidence that GARCH(1,1) models are appropriate for
modeling our transformed time series
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Volatility Values
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Fitted Volatility for the Obama Positiveness Model
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Fitted Volatility for the Obama Negativeness Model
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Discussions

The volatility tends in all cases to decrease while approaching the election day

At the beginning of the election period people could have been more open to
new information and hence there was more uncertainty about the voting
preferences.

While getting closer to the election day the preferences of the voters became
clearer and hence the change in the opinion pattern was reduced
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Conclusions

The predictions of future outcomes in the long-term using ARMA models are
limited because of the volatility
The presence of volatility in our return transformed time series suggests that the
past conditional variance can be modeled using GARCH models

Calm and volatile periods could be identified and predicted
Forecasting the volatility could be used as a measure of risk in public opinion as
it is used in finance
As better NLP methods for opinion mining are developed, opinion time series
created with those methods will reflect in a better manner the opinion
dynamics of the population
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Questions?

Thanks for your Attention!
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