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Abstract. Experiments forecasting Canadian elections with Twitter are
presented. A methodology for creating a representative Twitter sample
is described and validated against census data. This sample and election
polls are input into a VARX forecast model. The model covariance error
monitors the forecast accuracy, measuring forecast confidence before the
election occurs. The model is tested on several Canadian elections.

1

Introduction

Social media provides an unprecedented window into the political discourse – the
tantalizing allure of tapping into a collective consciousness. Could it be possible,
using platforms like Facebook and Twitter, to predict the next Prime Minister?
Tumasjan et al. found a correlation between share of Twitter traﬃc for the
6 main parties in the 2009 German national parliament election and the final
percentages [13]. Based on this correlation, they speculated that Twitter could
be a leading indicator of political opinion. O’Connor et al. [9], saw a similar leading indicator using topic sentiment. They compared the daily sentiment score
for consumer confidence, presidential approval, and the 2008 presidential election race with Gallup polls. For consumer confidence and presidential approval,
they found that the daily sentiment score was a leading indicator of consumer
polls, but not for election polls. Bermingham and Smeaton [2] performed a similar analysis for the 2011 General Irish Election, comparing several features, like
mention volume and sentiment, against the election results. They found that
share of volume of mentions, followed closely by the share of positive volume,
were the best predictors. Sang and Bos [12] studied the 2011 Dutch Senate elections, again comparing several features. Contrary to Bermingham and Smeaton,
they found that sentiment scores were the best predictor. In a novel twist, the
researchers introduced poll-dependent weights to correct for demographic diﬀerences between Twitter users and the Dutch electorate.
Contrasting these successful demonstrations, Gayo-Avello [4] and Metaxas
[8] together analyzed the 2010 US Congressional election. After accounting for
incumbency eﬀects, they reported neither tweet volume nor sentiment had predictive value. In their analysis, Gayo-Avello and Metaxas made several critiques:
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– A Priori Model. Previous studies chose the best method and feature a posteriori. Method and features must be defined before the election starts.
– Testable Models. Previous studies could not measure forecast accuracy until
after the election. A model must monitor the forecast accuracy.
– Representative Samples. Polls use a representative sample of the population
for their analysis. Twitter forecasts must use a similar sample for analysis.
This paper directly addresses these critiques.

2

Sampling

Twitter studies collect tweets from the “Garden Hose”, a down-sampled stream
of real time tweets. These streams are also rate limited, being temporarily disabled when the number of streamed tweets exceeds a fixed amount in a set time.
Down sampling and rate limiting produces a sample where the systematic errors
are unknown, preventing the researcher from correcting for any biases.
Election studies are restricted to tweets within the election geography. These
experiments use the self reported location in the Twitter profile. The location
field text is queried against a reverse address lookup service1 to determine if the
user falls within the desired geography.
Following the polling professional methodology, analysis should be performed
on a random sample of Twitter users. Samples can be created using the social
network graph structure. Each user has public connections with other users.
These connections are crawled, extracting a sample. Simple random walks on
the graph generate biased samples, undersampling users with a small number of
connections while oversampling those with a large number of connections.
Markov Chain Monte Carlo (MCMC) methods remove this bias [6], but with
an important caveat: the algorithms converge to the stationary distribution by
sampling the same user multiple times. Perfect samplers remove the statistical
degeneracy from MCMC samplers. Coupling From The Past (CFTP) [10], a
well known perfect sampler, can be modified to work on social networks using
Conditional Independence Coupling (CIC) [14,15]. CIC retains the unbiased
graph sampling from MCMC methods while avoiding degenerate samples. CIC
is the sampling method used in these experiments.

3

Demographics

The representativeness of the sample is verified by directly measuring the demographics of 5,000 sampled Twitter users from Toronto. The 5,000 users were hand
classified using Mechanical Turk, collecting 3 classifications for each account.
Accounts where 2 out of 3 people agreed on all 3 of the characteristics were
kept. The final data set had 3,032 accounts. Random error biases were removed
using post stratification weighting [7].
1

Microsoft’s Bing Maps, https://msdn.microsoft.com/en-us/library/ﬀ701713.aspx.
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Fig. 1. Under/Over representation in weighted sample data compared against the 2011
Toronto census.

Figure 1 shows the deviation of the weighted Twitter data from the 2011
Toronto census data. The demographics of the online users follow the census
demographics [3] with some important exceptions. Users under the age of 14
years were underrepresented, since Twitter requires that all users must be over
the age of 14. Users over the age of 65 were also under represented, supporting
anecdotal observations that Twitter is primarily used by younger people. Finally,
Filipinos were underrepresented due to diﬃculty classifiers had diﬀerentiating
Filipino ethnic traits.

4

Forecasting

O’Connor [9] had noted that Twitter data was a leading indicator of some public
opinion polls. Achrekar et al. formalized this observation with a Vector Autoregression with Exogeneous Variables (VARX) model forecasting CDC influenza
data [1]. VARX models require an output variable (the variable to be forecast)
and an input variable (the variable from which the forecast will be derived).
Here a similar VARX technique is used for forecasting elections where election
polls are the output variable and Twitter data is the input variable. The VARX
model is implemented using the R package DSE [5]. The output variable is a time
series of the aggregated daily polls for each major party. The input variable is
an appropriate Twitter feature.
Which Twitter feature to use is determined by experiment on the 2014
Ontario Election. A sample of 32,339 Ontario Twitter users with 2,500,821 tweets
between May 1, 2014 and 8 pm on June 12, 2014 (when the polls closed) was
collected. For each of the 3 main parties (Liberals, Conservatives, and NDP)
mentions of the party and the party leader were tracked.
Six separate features were tested:
–
–
–
–

Tweet Volume (mentions of a candidate).
Tweet SoV (unique people mentioning a candidate).
Positive Volume (positive mentions of a candidate).
Positive SoV (unique people positively mentioning a candidate).
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Table 1. Comparison of diﬀerent features for the 2014 Ontario election. Winning party
is in bold.
Without post stratification With post stratification
LPC
CPC
NDP
LPC
CPC
NDP
Tweet volume

30.2 %

50.7 % 19.1 %

32.4 %

46.7 % 20.9 %

Tweet SoV

32.3 %

50.4 % 17.4 %

35.1 %

50.3 % 14.6 %

Positive volume

34.2 %

54.9 % 10.9 %

35.0 %

51.9 % 13.1 %

Positive SoV

38.5 %

50.3 % 11.2 %

40.5 %

49.0 % 10.5 %

Mean sentiment volume 39.5 % 37.4 %

23.1 %

38.8 %

39.0 % 22.2 %

Mean sentiment SoV

23.2 %

40.1 % 33.7 %

26.2 %

Election resultsa
41.3 % 33.3 % 25.3 %
41.3 % 33.3 %
a
Election results are normalized to the top 3 parties

25.3 %

41.1 % 35.7 %

– Mean Sentiment Volume (mean sentiment score for each candidate).
– Mean Sentiment SoV (person’s mean sentiment score for each candidate).
Mentions were normalized against the total people tweeting in a given day.
Sentiment is calculated using word polarity [11]. For each of the 6 features the
model was run with and without post stratification weighting. (demographics
were determined as described in Sect. 3). Results are summarized in Table 1.
Mean sentiment SoV provides the best final election prediction. Including demographic weighting does not improve the results. In the subsequent experiments,
mean sentiment SoV without demographic weighting will be used.
The covariance matrix is an estimate on the forecast accuracy and can be
used as a measure of the forecast confidence. This measure’s eﬀectiveness was
tested on 2 recent provincial elections – Alberta 2012 and British Columbia
2013 – where the election polls missed the winning party by large margins. Since
the model is trained on the election polls, the Twitter forecast should not be
substantially diﬀerent, but the covariance error should be large enough to cast
doubt on the forecast accuracy.
A sample of 938,831 tweets from 24,015 Alberta Twitter users between March
22, 2012 and April 23, 2012 and 1,589,339 tweets from 32,603 British Columbia
Twitter users between April 3, 2013 and May 14, 2013 was used. The polls are
extrapolated to election day using a standard ARIMA model (without information from Twitter), which allows the election polls the benefit of any momentum
changes from the days leading up to the election.
Table 2 summarizes the ARIMA and VARX errors. In both elections the
VARX model, using the data from Twitter, has a much larger error than the
corresponding ARIMA models that only use the poll data. For comparison, the
error using an ARIMA model and a VARX model for the Ontario election is also
shown. In the Ontario election, where the Twitter forecast agreed well with the
election results, the covariance error is lower.
The model was tested live on the 2015 Federal Canadian election. A sample of 34,732,633 tweets from 130,816 Canadians between January 1, 2015 and
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Table 2. Comparison of error for Alberta 2012 (top), British Columbia 2013 (middle)
and Ontario 2014 (bottom) election. Winning party is in bold.
Alberta
PC

Wildrose

Lib

NDP

ARIMA 35.8 ± 0.9 %

38.1 ± 1.1 % 11.1 ± 0.6 % 11.4 ± 0.2 %

Actual

34.3 %

VARX

35.2 ± 4.6 %
44.0 %

37.6 ± 6.5 % 12.1 ± 3.6 % 11.1 ± 1.5 %

British columbia
Lib
NDP

9.9 %

8.5 %

Green

ARIMA 36.4 ± 1.0 %

44.3 ± 1.9 % 11.2 ± 1.5 %

Actual

39.7 %

VARX

34.3 ± 3.1 %
44.1 %

Ontario
Lib

42.4 ± 9.7 % 11.8 ± 6.3 %

PC

8.2 %
NDP

ARIMA 36.3 ± 1.0 % 31.8 ± 1.4 %

23.5 ± 1.6 %

Actual

23.8 %

VARX

37.0 ± 1.1 % 32.3 ± 1.3 %
38.7 %

31.3 %

23.0 ± 1.7 %

Table 3. Summary of the 2015 Federal Canadian election. Winning party is in bold.
Twitter
Canada
Atlantic
Quebec
Ontario
Prairies
Alberta
BC

Polls

Actual

LPC

CPC

NDP

LPC

CPC

NDP

LPC

CPC

NDP

38.1 ± 0.8

31.1 ± 0.7

18.7 ± 0.9

38.0 ± 2.1

30.7 ± 1.1

20.5 ± 0.6

39.5

31.9

19.7

18.2

17.9

20.5 ± 1.7

24.3 ± 2.1

30.1 ± 5.6

18.1 ± 1.6

21.1 ± 1.7

59.1

28.4 ± 1.9

25.4 ± 4.1

35.7

16.7

25.4

16.6 ± 1.3

44.8

35.0

16.6

18.1 ± 0.9

34.3

42.9

19.5

18.1 ± 4.6

24.6

59.5

11.6

25.1 ± 2

35.2

30.0

25.9

54.0 ± 2.9

45.6 ± 1.8
33.5 ± 2.5
28.0 ± 2.0

35.6 ± 1.9

18.7 ± 2.1
32.7 ± 2.1

42.5 ± 3.0

54.1 ± 1.9
32.2 ± 2.0

19.7 ± 2.1
15.7 ± 2.1
18.4 ± 2.8
17.2 ± 2.0

23.2 ± 2.1

54.0 ± 4.6
45.4 ± 0.7
36.0 ± 4.4
25.3 ± 6.6

32.6 ± 4.5

17.7 ± 2.5
33.1 ± 1.2

40.2 ± 5.6
52.8 ± 5.6

32.8 ± 4.6

October 19, 2015 was collected. Daily forecast models were run against national
and provincial polls. Final forecast numbers were calculated when the polls
closed.
Table 3 summarizes the Twitter forecast results. The mean value of the previous day’s polls as well as the final election results are provided for reference.
The Twitter forecast model correctly predicted the overall Canadian election as
well as the provincial results. In contrast, the polls missed the correct winner in
British Columbia. Both the polls and the Twitter forecast underestimated the
Liberal’s win in Quebec. Covariance errors in all of the Twitter forecasts were
low, indicating confidence in the forecast result.
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