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Research questions and challenges

• What are the markers of bias/partisanship?

• Do we see those features even when speakers are concealing
their true biases?

• What is the role of the observer’s perspective?

• How does the topic of discussion affect the expression of
bias?
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Some available data

• Thomas, Pang, and Lee: Congressional speech data:
http://www.cs.cornell.edu/home/llee/data/convote.html

• 100K tweets from 40 political Tweeters, with party labels:
https://stanford.edu/class/cs424p/restricted/data/

political-twitter.zip

• CNN transcripts:
http://edition.cnn.com/TRANSCRIPTS/

• Presidential and vice-presidential debate transcripts:
http://www.debates.org/index.php?page=debate-transcripts

• Large political weblogs on AFS, in mnt9/PottsCorpora.

• Noah Smith’s Political Blog Corpus (Yano et al. 2009):
http://www.ark.cs.cmu.edu/blog-data/

• Policy Agendas Project
http://www.policyagendas.org/page/datasets-codebooks

http://www.cs.cornell.edu/home/llee/data/convote.html
https://stanford.edu/class/cs424p/restricted/data/political-twitter.zip
https://stanford.edu/class/cs424p/restricted/data/political-twitter.zip
http://edition.cnn.com/TRANSCRIPTS/
http://www.debates.org/index.php?page=debate-transcripts
http://www.ark.cs.cmu.edu/blog-data/
http://www.policyagendas.org/page/datasets-codebooks
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Feature selection

This section reviews the main points of Monroe et al.’s (2009)
discussion of feature selection:

• Maximum Likelihood Estimates favor highly frequent words

• Log-odds ratios favor highly infrequent words

• Bayesian models with rich priors come closer to identifying
characterizing words.

I also review log-likelihood ratio tests of the sort used by Yano et al.
(2010) to find “sticky” bigrams.
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Fightin’ words

• Data: U. S. Senate speeches (1997-2004), categorized by
party and topic and stemmed with the Porter stemmer.

• 118,000 speeches; 70,000,000 words

• The topics derive from an unsupervised topic model with
similarities to Latent Dirichlet Allocation (LDA) but constrained
to assign each document a single topic (Quinn et al. 2006).

• Intuitive labels for the inferred topics:
• Abortion
• Defense
• Judicial nominations
• Taxes

• General goal: define a technique for finding features that are
truly indicative of specific sub-parts of the corpora (most
prominently, of party–topic sub-corpora).
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Maximum likelihood estimates (MLE)

• y i
kw

def
= the number of tokens of word w in texts in topic k by

individual/group i (with smoothing).
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kw

• MLE:

f i
kw

def
=

y i
kw

ni
k

• Evaluation measure:
fD
kw − fR

kw



Overview Feature selection Bias Classification

Maximum likelihood estimates (MLE)

fD
kw − fR

kw

speeches. In this and subsequent figures for the running example, the y-axis, size of point,
and size of text all reflects the evaluation measure under consideration, in this case
f ðDÞkw 2 f ðRÞkw . For the top 20 most Democratic and most Republican words, the dots have
been labeled with the word, again plotted proportionally to the evaluation measure. These
40 words are repeated, from most Democratic to most Republican, down the right-hand
side of the plot.

This is an improvement. There is no generic partisan bias based on volume of speech,
and we see several of the key frames that capture known differences in how the parties
frame the issue of abortion. For example, Republicans encourage thinking about the issue
from the point of view of babies, whereas Democrats encourage thinking about the issue
from the point of view of women. But the lack of overall semantic validity is clear in the
overemphasis on high-frequency words. The top Democratic word list is dominated by to
and includes my, and, and for; the top Republican word list is dominated by the and

Fig. 1 Feature evaluation and selection using f ðDÞkw 2 f ðRÞkw . Plot size is proportional to evaluation
weight, jf ðDÞkw 2 f ðRÞkw j. The top 20 Democratic and Republican words are labeled and listed in rank
order to the right. The results are almost identical for two other measures discussed in the text:
unlogged tf.idf and frequency-weighted WordScores.

377Fightin’ Words

 at Stanford U
niversity on N

ovem
ber 2, 2010

pan.oxfordjournals.org
D

ow
nloaded from

 

(Monroe et al. 2009:fig. 1)



Overview Feature selection Bias Classification

Maximum likelihood estimates (MLE)
Monroe et al. (2009:377–378)

The top Democratic word list is dominated by to and in-
cludes my, and, and for; the top Republican word list is
dominated by the and includes of, not, be, that, you, it,
and a. [. . . ] the sampling variation in difference of propor-
tions is greatest in high-frequency words. These are not
partisan words; they are just common ones.

A common response to this problem in many natural lan-
guage processing applications is to eliminate “function” or
“stop” words that are deemed unlikely to contain meaning.
We note, however, the practice of stop word elimination
has been found generally to create more problems than it
solves [. . . ]

(We’ve seen that function words often carry sentiment information;
see the ‘Classification’ handout especially.)
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Odds ratios
• Odds:

O i
kw

def
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kw
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• Evaluation measure:

log(OD
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Odds ratios

log(OD
kw − OR

kw)

with a list ranked by average mother’s education. The top five girl names are Lucienne,
Marie-Claire, Glynnis, Adair, and Meira; the top five boy names are Dov, Akiva, Sander,
Yannick, and Sacha. A footnote clarifies that a name must appear at least 10 times to make
the list (presumably because a list that allowed names used only once or twice might have
looked ridiculous). It seems likely that each of these words was used exactly, or not many
more than, 10 times in the sample. We would get a similar effect by drawing a line at 10 or
100 minimum uses of a word in Figure 2, with the method then selecting the most extreme
examples from the least frequent qualifying words.

This mistake is also common in many of the emergent text-as-data discussions in po-
litical science. One example is given by Slapin and Proksch (2008), made more striking
because they provide a plot that clearly demonstrates the heteroskedasticity. Their Figure 2
looks like Figure 2 turned on its side. The resulting lists of their Table 1 contain many
obscurities. This is probably only an issue of interpretation. The item response model they
describe, like that of Monroe and Maeda (2004) (see also Lowe ½2008"), accounts for

Fig. 2 Feature evaluation and selection using d̂
ðD2RÞ
kw . Plot size is proportional to evaluation

weight,
!!!d̂

ðD2RÞ
kw j. Top 20 Democratic and Republican words are labeled and listed in rank order. The

results are identical to another measure discussed in the text: the log-odds-ratio with uninformative
Dirichlet prior.
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Odds ratios
Monroe et al. (2009:379)

the most extreme words are obscure ones. These word
lists are strange in a way opposite from that produced by
the difference of proportions shown [for MLE]
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Odds ratios
Monroe et al. (2009:379)

A common response is to set some frequency “threshold” for
features to “qualify” for consideration. Generally, this simply re-
moves the most problematic features without resolving the is-
sue.

For an example of the latter, consider the list of Levitt and
Dubner (2005; 194-8), in their freakonomic discussion of baby
names, of “The Twenty White Girl [Boy] Names That Best Sig-
nify High-Education Parents.” They identify these, from Cali-
fornia records, with a list ranked by average mother’s educa-
tion. The top five girl names are Lucienne, Marie-Claire, Glyn-
nis, Adair, and Meira; the top five boy names are Dov, Akiva,
Sander, Yannick, and Sacha. A footnote clarifies that a name
must appear at least 10 times to make the list (presumably be-
cause a list that allowed names used only once or twice might
have looked ridiculous). It seems likely that each of these words
was used exactly, or not many more than, 10 times in the sam-
ple.



Overview Feature selection Bias Classification

Log-likelihood ratios and the G-test
Definition (G-test)

G(w)
def
= 2

∑
i,j

Observedij log
(
Observedij

Expectedij

)
Significance testing as with χ2. (Not esp. restrictive with large corpora.)

Definition (Expected counts)

Expectedij
def
=

∑
j′

Observedij′ ∗

∑
i′

Observedi′j

/∑
ij

Observedij


Example

Liberal Conservative Row totals
choice 265 97 362

notchoice 1, 001, 136 690, 987 1, 692, 123
Column totals 1, 001, 401 691, 084 1, 692, 485



Overview Feature selection Bias Classification

Bayesian priors with variance correction
• Observations from current sample of n words:

y =

[
choice 7→ 0.4

(all other words) 7→ 0.6

]
• Prior observations based on α0 words:

α =

[
choice 7→ 0.1

(all other words) 7→ 0.9

]
• Posterior mean for choice:(

1 −
α0

α0 + n

)
0.4 +

(
α0

α0 + n

)
0.1
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Bayesian priors with variance correction

MLE('choice') = 200/500 = 0.4    Prior('choice') = 0.1
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can be penalized
by their high
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Bayesian priors with variance correction
• Bayesian log-odds:

δ
(D−R)
kw

def
= log

 yD
kw + αD

kw

(nD
k + αD

k0) − (y
D
kw + αD

kw)

−
log

 yR
kw + αR

kw

(nR
k + αR

k0) − (y
R
kw + αR

kw)


• Evaluation measure:

δ
(D−R)
kw√

σ2
(
δ
(D−R)
kw

)
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Bayesian priors with variance correction

aðiÞkw 5 aðiÞk0p̂
MLE 5 y # a0

n
ð23Þ

where aðiÞk0 determines the implied amount of information in the prior. This prior shrinks the
pðiÞkw and XðiÞ

kw to the global values, and shrinks the feature evaluation measures, the fðiÞkw and
the fði2 jÞ

kw , toward zero. The greater aðiÞk0 is, the more shrinkage we will have.
Figure 5 illustrates results from the running example using this approach. We set a0 to

imply a ‘‘prior sample’’ of 500 words per party every day, roughly the average number of
words per day used per party on each topic in the data set.

As is shown in Figure 5, this has a desirable effect on the function-word problem noted
above. For example, the Republican top 20 list has shuffled, with the, you, not, of, and be
being replaced by the considerably more evocative aliv, infant, brutal, brain, and necessari.

Fig. 5 Feature evaluation and selection based on f̂
ðD2RÞ
kw . Plot size is proportional to evaluation

weight, f̂
ðD2RÞ
kw ; those with

!!!f̂
ðD2RÞ
kw

!!!<1:96 are gray. The top 20 Democratic and Republican words are

labeled and listed in rank order to the right.
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Some weblog results
DailyKos (liberal) and RedState (conservative), from the Yano et al. 2009 corpus.

Top conservative
Obs/Exp Bayesian Bayesian

MLE Odds LogLik p 6 0.05 10K prior, IMDB 1M prior, IMDB
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Some weblog results
DailyKos (liberal) and RedState (conservative), from the Yano et al. 2009 corpus.

Top conservative
Obs/Exp Bayesian Bayesian

MLE Odds LogLik p 6 0.05 10K prior, IMDB 1M prior, IMDB

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20

meta number ref
s
in
?
bush
t
!
clinton
republican
so
the
republicans
meta percent ref
for
update
ve
race
vote
democratic
from

rangers
tracker
moreville
swoosh meta beep ref
gong meta beep ref
rightnow
susang
telco
srkp meta number ref
pera
watercarrier meta
number ref diogenes
avila
taylormattd
grog
vcmvo meta number ref
iob
shit
jennyjem
darcy
truthofangels

rangers
tracker
moreville
swoosh meta beep ref
gong meta beep ref
rightnow
susang
telco
srkp meta number ref
pera
watercarrier meta
number ref diogenes
avila
taylormattd
grog
vcmvo meta number ref
iob
shit
jennyjem
darcy
truthofangels

meta number ref
bush
!
district
fisa
update
s
diaries
blue
daily
republican
republicans
kos
?
torture
clinton
rescue
top
administration
amnesty

meta number ref
!
bush
rescue
fisa
diaries
district
movie
kos
update
film
daily
torture
rangers
blue
amnesty
caucus
delegate
maine
cheney



Overview Feature selection Bias Classification

Bias

• Techniques for finding textual indicators of bias.

• Close look at specific words and constructions that seem to
carry subtle bias information.
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On bias

Bias is not subjectivity
Yano et al. (2010): “A subjective sentence can be unbiased (I think
that movie was terrible), and a biased sentence can purport to
communicate factually (Nationalizing our health care system is a
point of no return for government interference in the lives of its
citizens).”



Overview Feature selection Bias Classification

On bias

Bias is not always observed
Monroe et al. (2009:375) say that “Partisanship is perfectly
observed” and thus conclude that there is no reason to build
classifiers that predict it.

But this claim is just wrong; many people in public life (especially
journalists and commentators) have a vested interest in trying to
hide their partisanship, or even in being deceptive about it.
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On bias

Bias is in the eye of the beholder
Yano et al. (2010): “In gen-
eral, moderates perceive less
bias than partisans [. . . ], but con-
servatives show a much stronger
tendency to label sentences as
biased, in both directions. [. . . ]
Liberals in this sample are less
balanced, perceiving conserva-
tive bias at double the rate of lib-
eral bias.”

insightful for our study (as well as for the interface de-
sign). A few pointed out that an impolite statement or
a statement of negative fact is not the same as bias, and
therefore should be marked separately from bias. Others
mentioned that some sentences are difficult to judge out
of context. These comments will be taken into account in
future research.

4 Analysis and Significance
In the following section we report some of the interesting
trends we found in our annotation results. We consider a
few questions and report the answers the data provide for
each.

4.1 Is a sentence from a liberal blog more likely be
seen as liberal?

In our sample sentence pool, conservatives and liberals
are equally represented, though each blog site has a dif-
ferent representation.19 We grouped sentences by source
site, then computed the percentage representation of each
site within each bias label; see Table 5. In the top row,
we show the percentage representation of each group in
overall judgements.

In general, a site yields more sentences that match its
known political leanings. Note that in our annotation
task, we did not disclose the sentence’s source to the
workers. The annotators formed their judgements solely
based on the content of the sentence. This result can
be taken as confirming people’s ability to perceive bias
within a sentence, or, conversely, as confirming our a pri-
ori categorizations of the blogs.

at ha mm db tp tpm
Overall 22.3 23.6 7.0 16.2 15.9 14.9

NB 23.7 22.3 6.1 15.7 17.0 15.3
VC 24.8 32.3 19.3 6.9 7.5 9.2
MC 24.4 33.6 8.0 8.2 13.6 12.2
ML 16.6 15.2 3.4 21.1 22.9 20.9
VL 16.7 9.0 4.3 31.0 22.4 16.7
B 20.1 25.4 7.2 19.5 12.3 13.7

Table 5: Percentage representation of each site within bias label
pools from question 2 (direction of perceived bias): very liberal,
moderately liberal, no bias, moderately conservative, very con-
servative, biased but not sure which. Rows sum to 100. Bold-
face indicates rates higher than the site’s overall representation
in the pool.

4.2 Does a liberal leaning annotator see more
conservative bias?

In Table 5, we see that blogs are very different from each
other in terms of the bias annotators perceive in their lan-

19Posts appear on different sites at different rates.

1

3

10

32

100

very conservative no bias very liberal not sure

LL

MM

CC

Overall

Figure 2: Distribution of bias labels (by judgment) for social
and economic liberals (LL), social and economic moderates
(MM), and social and economic conservatives (CC), and over-
all. Note that this plot uses a logarithmic scale, to tease apart
the differences among groups.

guage. In general, conservative sites seemingly produced
much more identifiable partisan bias than liberal sites.20

This impression, however, might be an artifact of the
distribution of the annotators’ own bias. As seen in Ta-
ble 4, a large portion of our annotators identified them-
selves as liberal in some way. People might call a state-
ment biased if they disagree with it, while showing le-
niency toward hyperbole more consistent with their opin-
ions.

To answer this question, we break down the judgement
labels by the annotators’ self-identification, and check
the percentage of each bias type within key groups (see
Figure 2). In general, moderates perceive less bias than
partisans (another useful reality check, in the sense that
this is to be expected), but conservatives show a much
stronger tendency to label sentences as biased, in both
directions. (We caution that the underrepresentation of
self-identifying conservatives in our worker pool means
that only 608 judgments from 48 distinct workers were
used to estimate these statistics.) Liberals in this sample
are less balanced, perceiving conservative bias at double
the rate of liberal bias.

4.3 What are the lexical indicators of perceived
bias?

For a given word type w, we calculate the frequency that
it was marked as indicating bias, normalized by its total
number of occurrences. To combine the judgments of dif-
ferent annotators, we increment w’s count by k/n when-
ever k judgments out of n marked the word as showing
bias. We perform similar calculations with a restriction
to liberal and conservative judgments on the sentence as a

20Liberal sites cumulatively produced 64.9% of the moderately lib-
eral bias label and 70.1 % of very liberal, while conservative sites pro-
duced 66.0% of moderately conservative and 76.4% of very conserva-
tive, respectively.
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Yano et al.’s annotations

Overall Liberal Conservative Not Sure Which
bad 0.60 Administration 0.28 illegal 0.40 pass 0.32
personally 0.56 Americans 0.24 Obama’s 0.38 bad 0.32
illegal 0.53 woman 0.24 corruption 0.32 sure 0.28
woman 0.52 single 0.24 rich 0.28 blame 0.28
single 0.52 personally 0.24 stop 0.26 they’re 0.24
rich 0.52 lobbyists 0.23 tax 0.25 happen 0.24
corruption 0.52 Republican 0.22 claimed 0.25 doubt 0.24
Administration 0.52 union 0.20 human 0.24 doing 0.24
Americans 0.51 torture 0.20 doesn’t 0.24 death 0.24
conservative 0.50 rich 0.20 difficult 0.24 actually 0.24
doubt 0.48 interests 0.20 Democrats 0.24 exactly 0.22
torture 0.47 doing 0.20 less 0.23 wrong 0.22

Table 6: Most strongly biased words, ranked by relative frequency of receiving a bias mark, normalized by total frequency. Only
words appearing five times or more in our annotation set are ranked.

whole. Top-ranked words for each calculation are shown
in Table 6.

Some of the patterns we see are consistent with what
we found in our automatic method for proposing biased
bigrams. For example, the bigrams tended to include
terms that refer to members or groups on the opposing
side. Here we find that Republican and Administration
(referring in 2008 to the Bush administration) tends to
show liberal bias, while Obama’s and Democrats show
conservative bias.

5 Discussion and Future Work

The study we have conducted here represents an initial
pass at empirical, corpus-driven analysis of bias using the
methods of computational linguistics. The results thus far
suggest that it is possible to automatically extract a sam-
ple that is rich in examples that annotators would con-
sider biased; that naı̈ve annotators can achieve reason-
able agreement with minimal instructions and no train-
ing; and that basic exploratory analysis of results yields
interpretable patterns that comport with prior expecta-
tions, as well as interesting observations that merit further
investigation.

In future work, enabled by annotations of biased and
non-biased material, we plan to delve more deeply into
the linguistic characteristics associated with biased ex-
pression. These will include, for example, an analysis
of the extent to which explicit “lexical framing” (use of
partisan terms, e.g., Monroe et al., 2008) is used to con-
vey bias, versus use of more subtle cues such as syntactic
framing (Greene and Resnik, 2009). We will also explore
the extent to which idiomatic usages are connected with
bias, with the prediction that partisan “memes” tend to be
more idiomatic than compositional in nature.

In our current analysis, the issue of subjectivity was not
directly addressed. Previous work has shown that opin-

ions are closely related to subjective language (Pang and
Lee, 2008). It is possible that asking annotators about
sentiment while asking about bias would provide a deeper
understanding of the latter. Interestingly, annotator feed-
back included remarks that mere negative “facts” do not
convey an author’s opinion or bias. The nature of subjec-
tivity as a factor in bias perception is an important issue
for future investigation.

6 Conclusion
This paper considered the linguistic indicators of bias in
political text. We used Amazon Mechanical Turk judg-
ments about sentences from American political blogs,
asking annotators to indicate whether a sentence showed
bias, and if so, in which political direction and through
which word tokens; these data were augmented by a po-
litical questionnaire for each annotator. Our preliminary
analysis suggests that bias can be annotated reasonably
consistently, that bias perception varies based on personal
views, and that there are some consistent lexical cues for
bias in political blog data.
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Lakovian framing

Central tenets of framing (Lakoff 2003, 2004)
1 Every word has a frame.
2 Negating a frame evokes that frame.
3 Evoking a frame reenforces that frame.

Examples (Relief)
1 Ed was relieved from his pain.
2 The pool hustler relieved Sally of her money.
3 hunger relief
4 We relieved Ed from his chores.
5 We relieved Ed from his vacation.
6 tax relief
7 x relieves y from z

↑ ↑ ↑

reliever-of-pain blameless afflicted cause
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3 Evoking a frame reenforces that frame.

Examples (Relief)
1 Ed was relieved from his pain.
2 The pool hustler relieved Sally of her money.
3 hunger relief
4 We relieved Ed from his chores.
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6 tax relief
7 x relieves y from z
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Tax frames: Bayesian estimates from ‘Fightin’ words’

a legislature. One of the more prominent is the concern over whether women legislators
behave differently than male legislators and whether they offer a fundamentally different
form of representation by speaking ‘‘in a different voice’’ (Gilligan 1993; Williams 1998;
Diaz 2005).

These models are natural for such questions. Not only can we look at the relative differ-
ences in language use between men and women, as we did with party, but we can also do so
while controlling for party. This is important because of a general gender gap across the
two parties both in core values (Rokeach 1973) and in framing (Lakoff 2004). Democrats
are both more likely than Republicans to address ‘‘women’s issues,’’ and also have more
women members serving in the Senate than do the Republicans.

Figure 8 shows a simple example of gender differences, within Democrats, in language
use for our running example of abortion in the 106th Senate, using the informative Dirichlet
model. The most prominent and obvious difference between female and male Senators
is the distinction between discussing the adult involved in an abortion as a woman, or
as amother. We keep it simple here, but more elaborate types of cross-nesting of categories,

Fig. 7 Feature evaluation and selection using d̂
ðD2RÞ
kw . Plot size is proportional to evaluation weight,

d̂
ðD2RÞ
kw . The top 20 Democratic and Republican words are labeled and listed in rank order to the right.
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• prescription
drug
coverage

• college

• wealthiest

• breaks

• marriage
penalty

• death tax
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Meme identification and tracking

Leskovec et al. (2009:497–498)

short distinctive phrases that travel relatively intact
through on-line text as it evolves over time.
[. . . ]
From an algorithmic point of view, we consider these dis-
tinctive phrases to act as the analogue of “genetic signa-
tures” for different memes. And like genetic signatures, we
find that while they remain recognizable as they appear in
text over time, they also undergo significant mutation. As a
result, a central computational challenge in this approach
is to find robust ways of extracting and identifying all the
mutational variants of each of these distinctive phrases,
and to group them together.
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• Directed acyclic phrase graph G
• Edge (p, q) ∈ G iff p’s words are a subset of q’s and the

word-level edit distance from p to q is less than a threshold (1
in their experiments).

• Edge weights: decreases based on edit distance, increases
based on the frequency of q.

• Goal: Partition G into a series of subgraphs in which each path
terminates at a single common node without any outgoing
edges.

• Problem is NP-complete; approximate approach: start with the
leaves and move through to their roots, keeping, for each node
n, only the edge (n, n′), where n′ has the highest frequency of
all edges (n, n′′).
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is palling around with terrorists

as being so imperfect he is palling around with terrorists who would target their own country

a force for good in the world

we see america as a force for good in this world we see america as
a force for exceptionalism our opponents see america as imperfect

enough to pal around with terrorists who would bomb their own country

s as being so imperfect enough
uld target their own country

america it seems as being so imperfect

this is not a man who sees america as you see america and as i see america

this is not a man who sees america as you see it and how i see america

palling around with terrorists who would target their own country

that he s palling around with terrorists who would target their own country

pal around with terrorists who targeted their own country

palling around with terrorists who target their own country

this is someone who sees america as impe
around with terrorists who targeted th

our opponent is someone who sees america as imperfect enough to pal around with
terrorists who targeted their own country

our opponent though is someone who sees america it seems as being so imperfect
that he s palling around with terrorists who would target their own country

this is not a man who sees america as you see it and how i see america we see

imperfect imperfect enough that
ld target their own country

perfect imperfect enough that
would target their own country

is someone who sees america it seems as being so imperfect that he s palling
around with terrorists who would target their own country

our opponent is someone who sees america it seems as being so imperfect that
he s palling around with terrorists who would target their own country

our opponent is someone who sees america as imperfect enough to pal around with
terrorists who target their own country

we see america as a force of good in this
world we see an america of exceptionalism

someone who sees america as imperfe
around with terrorists who targeted th

someone who sees america it seems as being so imperfect that he s palling around
with terrorists who would target their own country

sees america as imperfect enough to pal around with terrorists who targeted their own country

terrorists who would target their own country

imperfect enough that he s palling around
with terrorists who would target their country

Figure 1: A small portion of the full set of variants of Sarah Palin’s quote, “Our opponent is someone who sees America, it seems,
as being so imperfect, imperfect enough that he’s palling around with terrorists who would target their own country.” The arrows
indicate the (approximate) inclusion of one variant in another, as part of the methodology developed in Section 2.
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Figure 2: Phrase graph. Each phrase is a node and we want to
delete the least edges so that each resulting connected compo-
nent has a single root node/phase, a node with zero out-edges.
By deleting the indicated edges we obtain the optimal solution.

To begin, we define some terminology. We will refer to each
news article or blog post as an item, and refer to a quoted string
that occurs in one or more items as a phrase. Our goal is to pro-
duce phrase clusters, which are collections of phrases deemed to
be close textual variants of one another. We will do this by building
a phrase graph where each phrase is represented by a node and di-
rected edges connect related phrases. Then we partition this graph
in such a way that its components will be the phrase clusters.

We first discuss how to construct the graph, and then how we par-
tition it. The dominant way in which one finds textual variants in
our quote data is excerpting — when phrase p is a contiguous sub-
sequence of the words in phrase q. Thus, we build the phrase graph
to capture these kinds of inclusion relations, relaxing the notion of
inclusion to allow for very small mismatches between phrases.

The phrase graph. First, to avoid spurious phrases, we set a lower
bound L on the word-length of phrases we consider, and a lower
bound M on their frequency — the number of occurrences in the
full corpus. We also eliminate phrases for which at least an ε frac-
tion occur on a single domain — inspection reveals that frequent

phrases with this property are exclusively produced by spammers.
(We use ε = .25, L = 4, and M = 10 in our implementation.)

After this pre-processing, we build a graph G on the set of quoted
phrases. The phrases constitute the nodes; and we include an edge
(p, q) for every pair of phrases p and q such that p is strictly shorter
than q, and p has directed edit distance to q — treating words as
tokens — that is less than a small threshold δ (δ = 1 in our im-
plementation) or there is at least a k-word consecutive overlap be-
tween the phrases we use k = 10). Since all edges (p, q) point from
shorter phrases to longer phrases, we have a directed acyclic graph
(DAG) G at this point. In general, one could use more complicated
natural language processing techniques, or external data to create
the edges in the phrase graph. We experimented with various other
techniques and found the current approach robust and scalable.

Thus, G encodes an approximate inclusion relationship or long
consecutive overlap among all the quoted phrases in the data, al-
lowing for small amounts of textual mutation. Figure 1 depicts a
very small portion of the phrase DAG for our data, zoomed in on
a few of the variants of a quote by Sarah Palin. Only edges with
endpoints not connected by some other path in the DAG are shown.

We now add weights wpq to the edges (p, q) of G, reflecting
the importance of each edge. The weight is defined so that it de-
creases in the directed edit distance from p to q, and increases in
the frequency of q in the corpus. This latter dependence is impor-
tant, since we particularly wish to preserve edges (p, q) when the
inclusion of p in q is supported by many occurrences of q.

Partitioning the phrase graph. How should we recognize a good
phrase cluster, given the structure of G? The central idea is that
we are looking for a collection of phrases related closely enough
that they can all be explained as “belonging” either to a single long
phrase q, or to a single collection of phrases. The outgoing paths
from all phrases in the cluster should flow into a single root node
q, where we define a root in G to be a node with no outgoing edges

499
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Figure 4: Top 50 threads in the news cycle with highest volume for the period Aug. 1 – Oct. 31, 2008. Each thread consists of all news
articles and blog posts containing a textual variant of a particular quoted phrases. (Phrase variants for the two largest threads in
each week are shown as labels pointing to the corresponding thread.) The data is drawn as a stacked plot in which the thickness of the
strand corresponding to each thread indicates its volume over time. Interactive visualization is available at http://memetracker.org.

Figure 5: Temporal dynamics of top threads as generated by our model. Only two ingredients, namely imitation and a preference to
recent threads, are enough to qualitatively reproduce the observed dynamics of the news cycle.

3. GLOBALANALYSIS: TEMPORALVARI-
ATIONANDAPROBABILISTICMODEL

Having produced phrase clusters, we now construct the individ-
ual elements of the news cycle. We define a thread associated with
a given phrase cluster to be the set of all items (news articles or
blog posts) containing some phrase from the cluster, and we then
track all threads over time, considering both their individual tem-
poral dynamics as well as their interactions with one another.
Using our approach we completely automatically created and

also automatically labeled the plot in Figure 4, which depicts the
50 largest threads for the three-month period Aug. 1 – Oct. 31. It
is drawn as a stacked plot, a style of visualization (see e.g. [16])
in which the thickness of each strand corresponds to the volume of
the corresponding thread over time, with the total area equal to the
total volume. We see that the rising and falling pattern does in fact
tell us about the patterns by which blogs and the media successively
focus and defocus on common story lines.
An important point to note at the outset is that the total number

of articles and posts, as well as the total number of quotes, is ap-
proximately constant over all weekdays in our dataset. (Refer to [1]
for the plots.) As a result, the temporal variation exhibited in Fig-
ure 4 is not the result of variations in the overall amount of global
news and blogging activity from one day to the next. Rather, the

periods when the upper envelope of the curve are high correspond
to times when there is a greater degree of convergence on key sto-
ries, while the low periods indicate that attention is more diffuse,
spread out over many stories. There is a clear weekly pattern in
this (again, despite the relatively constant overall volume), with
the five large peaks between late August and late September corre-
sponding, respectively, to the Democratic and Republican National
Conventions, the overwhelming volume of the “lipstick on a pig”
thread, the beginning of peak public attention to the financial crisis,
and the negotiations over the financial bailout plan. Notice how the
plot captures the dynamics of the presidential campaign coverage
at a very fine resolution. Spikes and the phrases pinpoint the exact
events and moments that triggered large amounts of attention.
Moreover, we have evaluated competing baselines in which we

produce topic clusters using standard methods based on probabilis-
tic term mixtures (e.g. [7, 8]).2 The clusters produced for this time
period correspond to much coarser divisions of the content (poli-
tics, technology, movies, and a number of essentially unrecogniz-
able clusters). This is consistent with our initial observation in Sec-
tion 1 that topical clusters are working at a level of granularity dif-
ferent from what is needed to talk about the news cycle. Similarly,
producing clusters from the most linked-to documents [23] in the
2As these do not scale to the size of the data we have here, we could
only use a subset of 10,000 most highly linked-to articles.
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Partisan bigrams (Yano et al. 2010)

Log-likelihood ratios (plus stopword removal and some manual
clean-up) to identify the top liberal and conservative bigrams.

is a point of no return for government interference in the
lives of its citizens2).

In addition to annotating sentences, each participant
was asked to complete a brief questionnaire about his or
her own political views. The survey asked:

1. Whether the participant is a resident of the United
States;

2. Who the participant voted for in the 2008 U.S.
presidential election (Barack Obama, John McCain,
other, decline to answer);

3. Which side of political spectrum he/she identified
with for social issues (liberal, conservative, decline
to answer); and

4. Which side of political spectrum he/she identified
with for fiscal/economic issues (liberal, conserva-
tive, decline to answer).

This information was gathered to allow us to measure
variation in bias perception as it relates to the stance of
the annotator, e.g., whether people who view themselves
as liberal perceive more bias in conservative sources, and
vice versa.

2.1 Dataset
We extracted our sentences from the collection of blog
posts in Eisenstein and Xing (2010). The corpus con-
sists of 2008 blog posts gathered from six sites focused
on American politics:

• American Thinker (conservative),3

• Digby (liberal),4

• Hot Air (conservative),5

• Michelle Malkin (conservative),6

• Think Progress (liberal),7 and

• Talking Points Memo (liberal).8

13,246 posts were gathered in total, and 261,073 sen-
tences were extracted using WebHarvest9 and OpenNLP
1.3.0.10 Conservative and liberal sites are evenly rep-
resented (130,980 sentences from conservative sites,
130,093 from liberal sites). OpenNLP was also used for
tokenization.

2Sarah Palin, http://www.facebook.com/note.php?
note_id=113851103434, August 7, 2009.

3http://www.americanthinker.com
4http://digbysblog.blogspot.com
5http://hotair.com
6http://michellemalkin.com
7http://thinkprogress.org
8http://www.talkingpointsmemo.com
9http://web-harvest.sourceforge.net

10http://opennlp.sourceforge.net

Liberal Conservative
thinkprogress org exit question
video thinkprogress hat tip
et rally ed lasky
org 2008 hot air
gi bill tony rezko
wonk room ed morrissey
dana perino track record
phil gramm confirmed dead
senator mccain american thinker
abu ghraib illegal alien

Table 1: Top ten “sticky” partisan bigrams for each side.

2.2 Sentence Selection

To support exploratory data analysis, we sought a di-
verse sample of sentences for annotation, but we were
also guided by some factors known or likely to correlate
with bias. We extracted sentences from our corpus that
matched at least one of the categories below, filtering to
keep those of length between 8 and 40 tokens. Then, for
each category, we first sampled 100 sentences without re-
placement. We then randomly extracted sentences up to
1,100 from the remaining pool. We selected the sentences
this way so that the collection has variety, while including
enough examples for individual categories. Our goal was
to gather at least 1,000 annotated sentences; ultimately
we collected 1,041. The categories are as follows.

“Sticky” partisan bigrams. One likely indicator of
bias is the use of terms that are particular to one side or
the other in a debate (Monroe et al., 2008). In order to
identify such terms, we independently created two lists
of “sticky” (i.e., strongly associated) bigrams in liberal
and conservative subcorpora, measuring association us-
ing the log-likelihood ratio (Dunning, 1993) and omitting
bigrams containing stopwords.11 We identified a bigram
as “liberal” if it was among the top 1,000 bigrams from
the liberal blogs, as measured by strength of association,
and was also not among the top 1,000 bigrams on the con-
servative side. The reverse definition yielded the “conser-
vative” bigrams. The resulting liberal list contained 495
bigrams, and the conservative list contained 539. We then
manually filtered cases that were clearly remnant HTML
tags and other markup, arriving at lists of 433 and 535,
respectively. Table 1 shows the strongest weighted bi-
grams.

As an example, consider this sentence (with a preced-
ing sentence of context), which contains gi bill. There is
no reason to think the bigram itself is inherently biased
(in contrast to, for example, death tax, which we would

11We made use of Pedersen’s N -gram Statistics Package (Banerjee
and Pedersen, 2003).
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Definite determiners

Acton (2010)
Using the NP, where NP denotes a group to which the speaker
could belong, tends to indicate that the speaker thinks of himself
as outside that group.
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Definite determiners

Acton (2010)
Using the NP, where NP denotes a group to which the speaker
could belong, tends to indicate that the speaker thinks of himself
as outside that group.

Initial support
• The Americans by Robert Frank (Swiss emigre)

“It was initially dismissed as the jaundiced work of an
unpatriotic cynic who kept company with the similarly
subversive and ragtag Beats.” (NPR, Feb 13, 2009)

• The Americans by Gordon Sinclair (Canadian journalist)
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Data

5 

b. The libertarians, like me for instance, have changed their stance on 
trade.  

 
But, to quote LeVar Burton, you don’t have to take my word for it.  Let’s turn to the data. 
 
2. The data: an introduction 
In this section I will present the findings from my preliminary corpus-based analysis of the 
phenomenon in question.  The corpus is comprised of the transcripts of 154 consecutive 
episodes of the political television talk show The McLaughlin Group, spanning the dates 
May 23, 1998 through May 13, 2001. The corpus contains over 700,000 spoken words 
from over 700 different speakers. 
 
I analyzed the speech of the seven participants on the show who took at least 1,000 turns 
speaking over the 154 episodes. These participants and the number of turns they took are 
given in Table 1.  As the table shows, the seven participants took a total of 26,159 turns 
over the three-year period, which accounts for over 80% of the 31,218 turns taken during 
that time. 
 
TABLE 1: 

Participant Turns Taken

Share of All Turns 
Taken on the 

Program*

John McLaughlin 12,279 39%
Eleanor Clift 4,643 15%
Tony Blankley 3,007 10%
Michael Barone 2,296 7%
Pat Buchanan 1,364 4%
Larry Kudlow 1,303 4%
Lawrence O'Donnell 1,267 4%
TOTALS: 26,159 84%

Participants Taking at Least 1,000 Turns on 
The McLaughlin Group :

May 23, 1998 - May 13, 2001

Source: Transcripts from www.mclaughlin.com.  Calculations by Eric Acton.
*Includes all participants on the program during the time span. Accordingly, these 
percentages do not total to 100%.  
 
I first wanted to get a sense of the degree to which these speakers use the in describing 
groups of people which they clearly are or are not members of.  To do so, I analyzed their 
usage of two terms: Americans, which applies to all of them, and Russians, which applies 
to none of them.  Specifically, for each speaker I pulled all of their uses of each of the two 
terms, coupled with the word immediately preceding the term, where applicable.  In cases 
in which the term began a sentence, no such preceding word was collected.  (10) provides 
some examples of the tokens found: 
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(10) “ russians,” “of russians,” “the russians,” “many russians,”  

“ americans,” “that americans,” “the americans,” “more americans” 
 
I found a stark contrast in the frequency of the word the among the tokens for the two 
terms.  In 82 uses of the word Russians, the word was immediately preceded by the 75 
times, or 91% of the time.  On the other hand, in 186 uses of Americans, the term was 
immediately preceded by the only 10 times, or 5% of the time.  In these cases at least, the 
speakers show a strong preference for using the as the determiner in describing a group 
which they are not a part of, and vice versa: 
 
TABLE 2: 

[a]
Term

[b]
Total # of 

Tokens

[c]
# of Tokens 
Immediately 

Preceded by the

[d]
% of Total 
Number of 

Tokens
([c] / [b])

Russians…………………… 82 75 91%

Americans………………… 186 10 5%

COMBINED……………… 268 85 32%

Tokens of Russians  and Americans  and Their Preceding Words
The McLaughlin Group :

May 23, 1998 - May 13, 2001*

Source: Transcripts from www.mclaughlin.com.  Calculations by Eric Acton.
*Includes only those participants who took at least 1,000 turns talking over the specified time period.  
 
Armed with this baseline, I proceeded to investigate each participant’s usage of the with 
respect to two of the most loaded terms in American English: Republicans and Democrats. 
 
3. Party time 
In this analysis, for each of the seven speakers of interest I pulled all tokens of the form  
x  y where y is either Republicans or Democrats and x is the immediately preceding word.  
In cases in which y was sentence initial, x is null.  My hypothesis was this: 
 

(11) For a particular speaker A, let  be the set of all expressions of the form x y uttered 
by A, where y is either Republicans or Democrats and x is the immediately preceding 
word, if applicable.   
 

Over all elements , if the value of the x-term is the in a higher proportion of cases 
when the y-term is Republicans than when y-term is Democrats, then we expect that 
A identifies to a greater extent with Democrats than with Republicans (or intends to 
indicate such identification), and vice versa.  Furthermore if A is presumed to 
identify more with Democrats than with Republicans, we expect the value of x-term 
to be the in a higher proportion of cases when the y-term is Republicans than when 
the y-term is Democrats, and vice versa. 
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Partisanship (quotes from Wikipedia, via Acton (2010))
John McLaughlin “McLaughlin is a lifetime Republican. [. . . ]

His political views in general are diversified
and often differ from the Republican Party.”

Tony Blankley “Blankley’s political opinions are generally
considered to fall within traditional conser-
vatism.”

Michael Barone “generally conservative”
Pat Buchanan “Republican (1960s-1999, 2004-present);

Reform (1999-2000).”
Larry Kudlow “Democrat turned conservative”
Eleanor Clift “fierce defense of Hillary Rodham Clinton

and Bill Clinton”
Lawrence O’Donnell “He calls himself a ‘practical European so-

cialist.’ ”
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As the table indicates, all of the seven participants are considered to be conservative and/or 
Republican except for Eleanor Clift and Lawrence O’Donnell.  To the extent that 
“conservative” and “Republican” can be taken to overlap, Table 3 suggests that all of the 
participants except Clift and O’Donnell should use the as a determiner for Democrats in a 
higher proportion of cases than for Republicans. 
 
Chart 1 and Table 4 present the results of the analysis. 
 
CHART 1: 

Tokens of Republicans and Democrats and their Preceding Words: the vs. Other/Null
Participants Taking at Least 1,000 Turns Speaking

The McLaughlin Group   --  May 23, 1998 - May 13, 2001

30%
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Source: Transcripts from www.mclaughlin.com.  Calculations by Eric Acton.
 

 
As predicted, Barone, Blankley, Kudlow, and McLaughlin used the as the word 
immediately preceding Democrats more often than they used the as the word before 
Republicans, and Clift showed the opposite pattern.  For of Barone, Blankley, and Kudlow, 
the discrepancy in the usage of the before the two terms is remarkably large: 14, 20, and 15 
percentage points, respectively.  In contrast, the discrepancy for McLaughlin is much 
smaller—only 3 percentage points.  McLaughlin’s narrow margin is not entirely surprising, 
however, and could be explained by a number of factors.  For one, it might be that 
McLaughlin’s political views were less directly aligned with Republicans than were the 
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Other features?

What else might we expect to carry information about
bias/partisanship?
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Classification

This section reviews the techniques and results of
Thomas et al. (2006). Overview:

1 Data: snippets of Congressional speeches, labeled with how
the speaker voted on the bill in question (along with party
information and some other meta-data).

2 Standard unigrams-based text classifier predicting

3 Classifiers predicting speaker agreement.

4 Additional constraints across classification decisions.

5 A graph-based optimization method brings the pieces
together to predict speaker votes.
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The Convote corpus

Bill 052
Speaker 400011
Party Democrat
Vote No
Sample the question is , what happens during those 45 days ?

we will need to support elections .
there is not a single member of this house who has not supported
some form of general election , a special election , to replace the
members at some point .
but during that 45 days , what happens ?

(Thomas et al. 2006)
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The Convote corpus

Bill 052
Speaker 400077
Party Republican
Vote Yes

Sample
i believe this is a fair rule that allows for a full discussion of the
relevant points pertaining to the legislation before us .
mr. speaker , h.r. 841 is an important step forward in addressing
what are critical shortcomings in america ’s plan for the continuity
of this house in the event of an unexpected disaster or attack .

(Thomas et al. 2006)
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The Convote corpus

total train test development
speech segments 3857 2740 860 257
debates 53 38 10 5
average number of speech segments per debate 72.8 72.1 86.0 51.4
average number of speakers per debate 32.1 30.9 41.1 22.6

Table 1: Corpus statistics.

and a conceptually simple method for integrat-
ing isolated-document and agreement-based in-
formation. We thus view our results as demon-
strating the potentially large benefits of exploiting
sentiment-related discourse-segment relationships
in sentiment-analysis tasks.

2 Corpus

This section outlines the main steps of the process
by which we created our corpus (download site:
www.cs.cornell.edu/home/llee/data/convote.html).

GovTrack (http://govtrack.us) is an independent
website run by Joshua Tauberer that collects pub-
licly available data on the legislative and fund-
raising activities of U.S. congresspeople. Due to
its extensive cross-referencing and collating of in-
formation, it was nominated for a 2006 “Webby”
award. A crucial characteristic of GovTrack from
our point of view is that the information is pro-
vided in a very convenient format; for instance,
the floor-debate transcripts are broken into sepa-
rate HTML files according to the subject of the
debate, so we can trivially derive long sequences
of speeches guaranteed to cover the same topic.
We extracted from GovTrack all available tran-

scripts of U.S. floor debates in the House of Rep-
resentatives for the year 2005 (3268 pages of tran-
scripts in total), together with voting records for all
roll-call votes during that year. We concentrated
on debates regarding “controversial” bills (ones in
which the losing side generated at least 20% of the
speeches) because these debates should presum-
ably exhibit more interesting discourse structure.
Each debate consists of a series of speech seg-

ments, where each segment is a sequence of un-
interrupted utterances by a single speaker. Since
speech segments represent natural discourse units,
we treat them as the basic unit to be classified.
Each speech segment was labeled by the vote
(“yea” or “nay”) cast for the proposed bill by the
person who uttered the speech segment.
We automatically discarded those speech seg-

ments belonging to a class of formulaic, generally
one-sentence utterances focused on the yielding
of time on the house floor (for example, “Madam
Speaker, I am pleased to yield 5 minutes to the
gentleman from Massachusetts”), as such speech
segments are clearly off-topic. We also removed
speech segments containing the term “amend-
ment”, since we found during initial inspection
that these speeches generally reflect a speaker’s
opinion on an amendment, and this opinion may
differ from the speaker’s opinion on the underly-
ing bill under discussion.
We randomly split the data into training, test,

and development (parameter-tuning) sets repre-
senting roughly 70%, 20%, and 10% of our data,
respectively (see Table 1). The speech segments
remained grouped by debate, with 38 debates as-
signed to the training set, 10 to the test set, and 5
to the development set; we require that the speech
segments from an individual debate all appear in
the same set because our goal is to examine clas-
sification of speech segments in the context of the
surrounding discussion.

3 Method

The support/oppose classification problem can be
approached through the use of standard classifiers
such as support vector machines (SVMs), which
consider each text unit in isolation. As discussed
in Section 1, however, the conversational nature
of our data implies the existence of various rela-
tionships that can be exploited to improve cumu-
lative classification accuracy for speech segments
belonging to the same debate. Our classification
framework, directly inspired by Blum and Chawla
(2001), integrates both perspectives, optimizing
its labeling of speech segments based on both in-
dividual speech-segment classification scores and
preferences for groups of speech segments to re-
ceive the same label. In this section, we discuss
the specific classification framework that we adopt
and the set of mechanisms that we propose for
modeling specific types of relationships.

Hierarchy of texts:

Debates (collections of speeches by different speakers)
⇑

Speeches (collections of segments by the same speaker)
⇑

Speech segments (documents in the corpus)

(Thomas et al. 2006)
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Basic classification with same-speech links
1 SVM classifier with unigram-presence features predicting, for

each speech-segment, how the speaker voted (Y or N).

2 For each document s belonging to speech S, the SVM score
for s is divided by the standard deviation for all s′ ∈ S.

3 Debate-graph construction with minimal cuts:

score(s) 6 −2 ⇒

 source
0
→ s

s
10,000
→ sink

score(s) > +2 ⇒

 source
10,000
→ s

s
0
→ sink

else ⇒

 source
x=(score(s)+2)2500

→ s

s
10,000−x
→ sink
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Graph construction and minimal cuts
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Graph construction and minimal cuts
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Graph construction and minimal cuts
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Speaker references

Bill 006
Speaker 400115
Party Republican
Vote Yes

Sample
mr. speaker , i am very happy to yield 3 minutes to the gentleman
from new york ( mr. boehlert ) xz4000350 , the very distinguished
chairman of the committee on science .

Bill 006
Speaker 400035
Party Republican
Vote Yes

Sample
mr. speaker , i rise in strong support of this balanced rules pack-
age .
i want to speak particularly to the provisions regarding homeland
security .
[. . . ]
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Speaker reference classifier

1 Label a reference as Agree if the speaker and the Referent
voted the same way, else Disagree.

2 Features: 30 unigrams before, the name, and 30 unigrams
after

3 Normalized SVM scores from this classifier are then added to
the debate graphs, at the level of speech segments. (Where a
speaker has multiple speech segments, one is chosen at
random; the infinite-weight links ensure that this information
propagates to the others.)
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Inter-text and inter-speaker links
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Results

Agreement classifier Precision (in percent):
Devel. set Test set

θagr = 0 86.23 82.55
θagr = µ 89.41 88.47

Table 3: Agreement-classifier precision.

An important observation is that precision may
be more important than accuracy in deciding
which agreement links to add: false positives with
respect to agreement can cause speech segments
to be incorrectly assigned the same label, whereas
false negatives mean only that agreement-based
information about other speech segments is not
employed. As described above, we can raise
agreement precision by increasing the threshold
θagr, which specifies the required confidence for
the addition of an agreement link. Indeed, Table
3 shows that we can improve agreement precision
by setting θagr to the (positive) mean agreement
score µ assigned by the SVM agreement-classifier
over all references in the given debate12. How-
ever, this comes at the cost of greatly reducing
agreement accuracy (development: 64.38%; test:
66.18%) due to lowered recall levels. Whether
or not better speech-segment classification is ulti-
mately achieved is discussed in the next sections.

4.2 Segment-based speech-segment
classification

Baselines The first two data rows of Table
4 depict baseline performance results. The
#(“support”) − #(“oppos”) baseline is meant
to explore whether the speech-segment classifica-
tion task can be reduced to simple lexical checks.
Specifically, this method uses the signed differ-
ence between the number of words containing the
stem “support” and the number of words contain-
ing the stem “oppos” (returning the majority class
if the difference is 0). No better than 62.67% test-
set accuracy is obtained by either baseline.

Using relationship information Applying an
SVM to classify each speech segment in isolation
leads to clear improvements over the two base-
line methods, as demonstrated in Table 4. When
we impose the constraint that all speech segments
uttered by the same speaker receive the same la-
bel via “same-speaker links”, both test-set and

ment classification. Section 4.5 contains further discussion.
12We elected not to explicitly tune the value of θagr in or-

der to minimize the number of free parameters to deal with.

Support/oppose classifer
(“speech segment⇒yea?”)

Devel.
set

Test
set

majority baseline 54.09 58.37
#(“support”) − #(“oppos”) 59.14 62.67
SVM [speech segment] 70.04 66.05
SVM + same-speaker links 79.77 67.21
SVM + same-speaker links . . .
+ agreement links, θagr = 0 89.11 70.81
+ agreement links, θagr = µ 87.94 71.16

Table 4: Segment-based speech-segment classifi-
cation accuracy, in percent.

Support/oppose classifer
(“speech segment⇒yea?”)

Devel.
set

Test
set

SVM [speaker] 71.60 70.00
SVM + agreement links . . .
with θagr = 0 88.72 71.28
with θagr = µ 84.44 76.05

Table 5: Speaker-based speech-segment classifica-
tion accuracy, in percent. Here, the initial SVM is
run on the concatenation of all of a given speaker’s
speech segments, but the results are computed
over speech segments (not speakers), so that they
can be compared to those in Table 4.

development-set accuracy increase even more, in
the latter case quite substantially so.
The last two lines of Table 4 show that the

best results are obtained by incorporating agree-
ment information as well. The highest test-set re-
sult, 71.16%, is obtained by using a high-precision
threshold to determine which agreement links to
add. While the development-set results would in-
duce us to utilize the standard threshold value of 0,
which is sub-optimal on the test set, the θagr = 0
agreement-link policy still achieves noticeable im-
provement over not using agreement links (test set:
70.81% vs. 67.21%).

4.3 Speaker-based speech-segment
classification

We use speech segments as the unit of classifica-
tion because they represent natural discourse units.
As a consequence, we are able to exploit relation-
ships at the speech-segment level. However, it is
interesting to consider whether we really need to
consider relationships specifically between speech
segments themselves, or whether it suffices to sim-
ply consider relationships between the speakers

θagr is a free-parameter in the scaling function for speaker
agreement scores. The development results suggest that 0 is the
better value than µ (a mean of all the debate’s scores), but µ
performs better in testing.
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Twitter prognostication
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Predicting political mood

Brendan O’Connor, Ramnath Balasubramanyan, Bryan R.
Routledge, and Noah A. Smith. 2010. From tweets to polls: Linking
text sentiment to public opinion time series. In Proceedings of the
International AAAI Conference on Weblogs and Social Media.

Central question: “Is text sentiment a leading indicator of polls?”



Predicting political mood Predicting box office revenue Predicting Dow directions Summary

Data

• 1 billion messages from 2008 and 2009

• The ‘gardenhose’ feed: should be a uniform sample of public
messages if run for long enough.

• 100,000 to 7 million messages per day, with the variation
largely a function of Twitter’s overall size

• Very little preprocessing for these experiments.
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Consumer confidence polls

Index of Consumer Sentiment (ICS)
Administered monthly by telephone to several hundred people in
the U.S.. Participants respond to questions on the following topics:

• current and future personal financial situation

• current and future state of the economy

• confidence in the government to help the economy

• views on a few other economic indicators

Gallup Economic Confidence Index
Two questions asking participants to rate the overall economic
health of the country. Administered daily.
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Tweet analysis

Topic keywords
Consumer confidence: economy, job, and jobs.

Sentiment
• 1600 positive, 1200 negative words from OpinionFinder

• A message is positive (negative) if it contains a positive
(negative) word according to the lexicon.

• Sentiment score for day t and topic words S:

xt ,S
def
=

positive tweets with a word in S on day t
negative tweets with a word in S on day t

• Smoothing over the past k days:

MAt ,S
def
=

1
k

t∑
i=t−k+1

xi,S
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Broad correlation between tweets and polls
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Figure 6: Sentiment ratio and consumer confidence surveys.
Sentiment information captures broad trends in the survey
data.
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Figure 7: Cross-correlation plots: sensitivity to lead and lag
for different smoothing windows. L > 0 means the text
window completely precedes the poll, and L < −k means
the poll precedes the text. (The window straddles the poll
for L < −k < 0.) The L = −k positions are marked on
each curve. The two parameter settings shown in Figure 6
are highlighted with boxes.

Page 5 of 8

• Topic keyword: jobs

• Smoothing over 15 days

• Smoothing over 30 days with the
tweets 50 days before the poll

• Twitter–Gallup correlation: 73.1%

• job and economy correlate very
poorly with Gallup
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Tweets as a leading indicator
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Figure 6: Sentiment ratio and consumer confidence surveys.
Sentiment information captures broad trends in the survey
data.
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each curve. The two parameter settings shown in Figure 6
are highlighted with boxes.
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• The correlations are higher on the
right side, where the tweets lead
the polls.

• The correlations increase with
increased smoothing.
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Political polls

• O’Connor et al. (2010) also look at correlations between
• xt ,{obama,mccain} and the 2008 election polls
• xt ,{obama} and the 2009 presidential job approval polls.

• The results are pretty good for the job approval experiment,
but that is easy to predict: it has been in decline since Obama
took office.

• The results are poor for the election experiment.

• Tweet volume is a better predictor than sentiment, a result that
is echoed in Asur and Huberman (2010), discussed next.
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Predicting box office revenue

Sitaram Asur and Bernardo A. Huberman. 2010. Predicting the
future with social media. arXiv:1003.5699v1.

Central question: “Can Twitter data predict weekend box office
revenue?”
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• 2.89 million tweets, 1.2 million users, 24 movies released
Dec. 2009 to Mar. 2010.

• Publicity, as measured by URLs and retweets: only modestly
correlated with box office performance.
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Predicting opening weekend
Linear model predicting opening box office. Features defined over
the 7 days prior to release.

Model Adjusted R2

Mean tweets/hour 0.80

Mean tweets/hour, 1 feature per day
without theater count 0.93

with theater count 0.973

Hollywood Stock Exchange index
with theater count 0.965

• Rounding to 2 places brings the final two models together.

• All the data is used in training/estimation.
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Beyond opening weekend

As before, features are defined for the seven days preceding the
weekend, with predictions made about the weekend box office:

• Mean tweets/hour, 1 feature per day

• Theater count

• Number of weeks the movie has been playing

Week Adjusted R2

Jan 15-17 0.92
Jan 22-24 0.97
Jan 29-31 0.92
Feb 05-07 0.95
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A dash of sentiment

Annotation with Mechanical Turk
Workers assigned sentiment (Positive, Negative, Neutral) to “a
large random sample of tweets”. Three Turkers per tweet, keeping
only tweets for which the response was unanimous.

Features
Removal of stopwords, all punctuation except ! and ?, and all
URLs and user-ids. All movie titles were replaced with ‘MOV’.

Classifier

Results
98% accuracy! (This is either amazing or mundane, depending on
how imbalanced the training set was.)
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Predicting weekend #2 using sentiment

Subjective tweets about a movie more frequent after its release.

PNratio def
=

number of positive tweets as predicted by the classifier
number of negative tweets as predicted by the classifier

Model Adjusted R2

Mean tweets/hour 0.79
with theater count 0.83

with PNratio 0.92

Mean tweets/hour, 1 feature per day 0.84
with theater count 0.863

with PNratio 0.94
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Predicting Dow directions

Johan Bollen, Huina Mao, and Xiao-Jun Zeng. 2010. Twitter mood
predicts the stock market. arXiv:1010.3003v1.

Central question: “Can Twitter sentiment predict the day-to-day
direction of Dow Jones Industrial Average movement?”

Watch for forthcoming data and tools (empty as of this writing):
http://terramood.informatics.indiana.edu/data

http://terramood.informatics.indiana.edu/data
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Data

Twitter
1 About 10 million tweets from 2.7 million users

2 Deb 28 to Dec 19, 2008

3 Group all tweets from the same day.

4 Keep only tweets that match:
(i feel|i am feeling|i’m feeling|i dont feel|i

don’t feel|i’m|im)

and don’t match (http|www).

5 Remove stopwords.

Financial
Daily Dow Jones Industrial Average closing values:

Dt
def
= DJIAt − DJIAt−1
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Mood assessment
OpinionFinder
2718 positive strings, and 4912 negative strings

GPOMS (Google Profile of Mood States)
1 Begin with the 72 strings in the Profile of Mood States, in 6

categories: Calm, Alert, Vital, Vital, Kind, Happy.
2 Expand to 964 strings using “word co-occurrences” in the

Google Ngrams Corpus.

Definition (Daily GPOMS values)
For a day t and a sentiment category X :

Xt
def
=

∑
w∈X

count(w) ∗ weight(w)

where weight(w) is the maximum co-occurrence weight for w and
a word in the original category POMS category. (Note: I am not
positive that this is the precise measure they use. See p. 3)
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Correlations with known/expected public mood

The scores here and
throughout are z-score
normalized.

3

mood dimensions and lexicon are derived from an existing
and well-vetted psychometric instrument, namely the Profile
of Mood States (POMS-bi)[32], [33]. To make it applicable
to Twitter mood analysis we expanded the original 72 terms
of the POMS questionnaire to a lexicon of 964 associated
terms by analyzing word co-occurrences in a collection of
2.5 billion 4- and 5-grams5 computed by Google in 2006
from approximately 1 trillion word tokens observed in publicly
accessible Webpages [35], [36]. The enlarged lexicon of 964
terms thus allows GPOMS to capture a much wider variety of
naturally occurring mood terms in Tweets and map them to
their respective POMS mood dimensions. We match the terms
used in each tweet against this lexicon. Each tweet term that
matches an n-gram term is mapped back to its original POMS
terms (in accordance with its co-occurence weight) and via the
POMS scoring table to its respective POMS dimension. The
score of each POMS mood dimension is thus determined as the
weighted sum of the co-occurence weights of each tweet term
that matched the GPOMS lexicon. All data sets and methods
are available on our project web site6.

To enable the comparison of OF and GPOMS time series we
normalize them to z-scores on the basis of a local mean and
standard deviation within a sliding window of k days before
and after the particular date. For example, the z-score of time
series Xt, denoted ZXt

, is defined as:

ZXt
=

Xt − x̄(Xt±k)

σ(Xt±k)
(1)

where x̄(Xt±k) and σ(Dt±k) represent the mean and stan-
dard deviation of the time series within the period [t−k, t+k].
This normalization causes all time series to fluctuate around a
zero mean and be expressed on a scale of 1 standard deviation.

C. Cross-validating OF and GPOMS time series against large
socio-cultural events

We first validate the ability of OF and GPOMS to capture
various aspects of public mood. To do so we apply them
to tweets posted in a 3-month period from October 5, 2008
to December 5, 2008. This period was chosen specifically
because it includes several socio-cultural events that may have
had a unique, significant and complex effect on public mood
namely the U.S presidential election (November 4, 2008) and
Thanksgiving (November 27, 2008). The OF and GPOMS
measurements can therefore be cross-validated against the
expected emotional responses to these events. The resulting
mood time series are shown in Fig. 2 and are expressed in
z-scores as given by in Eq. 1.

Fig. 2 shows that the OF successfully identifies the public’s
emotional response to the Presidential election on November
4th and Thanksgiving on November 27th. In both cases OF
marks a significant, but short-lived uptick in positive sentiment
specific to those days.

The GPOMS results reveal a more differentiated public
mood response to the events in the three-day period surround-
ing the election day (November 4, 2008). November 3, 2008 is

5n-grams are frequently occurring sequences of terms in text of length n,
for example “we are the robots” could be a frequent 4-gram.

6http://terramood.informatics.indiana.edu/data

characterized by a significant drop in Calm indicating highly
elevated levels of public anxiety. Election Day itself is char-
acterized by a reversal of Calm scores indicating a significant
reduction in public anxiety, in conjunction with a significant
increases of Vital, Happy as well as Kind scores. The latter
indicates a public that is energized, happy and friendly on
election day. On November 5, these GPOMS dimensions con-
tinue to indicate positive mood levels, in particular high levels
of Calm, Sure, Vital and Happy. After November 5, all mood
dimensions gradually return to the baseline. The public mood
response to Thanksgiving on November 27, 2008 provides a
counterpart to the differentiated response to the Presidential
election. On Thanksgiving day we find a spike in Happy
values, indicating high levels of public happiness. However,
no other mood dimensions are elevated on November 27.
Furthermore, the spike in Happy values is limited to the one
day, i.e. we find no significant mood response the day before
or after Thanksgiving.
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Fig. 2. Tracking public mood states from tweets posted between October
2008 to December 2008 shows public responses to presidential election and
thanksgiving.

A visual comparison of Fig. 2 suggests that GPOMS’
Happy dimension best approximates the mood trend provided
by OpinionFinder. To quantitatively determine the relations
between GPOMS’s mood dimensions and the OF mood trends,
we test the correlation between the trend obtained from OF
lexicon and the six dimensions of GPOMS using multiple
regression. The regression model is shown in Eq. 2.

YOF = α +
n�

i

βiXi + �t (2)

where X1, X2, X3, X4, X5 and X6 represent the mood time
series obtained from the 6 GPOMS dimensions, respectively
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Linear models
Definition (Previous n Dow values only)

Dt ∼ intercept +
n∑

i=1

βiDt−i + εi

Definition (Previous n Dow and X values.)

Dt ∼ intercept +
n∑

i=1

βiDt−i +
n∑

i=1

γiXt−i + εi

Results: Only X = Calm is a reliable predictor.
5

TABLE II
STATISTICAL SIGNIFICANCE (P-VALUES) OF BIVARIATE GRANGER-CAUSALITY CORRELATION BETWEEN MOODS AND DJIA IN PERIOD FEBRUARY 28,

2008 TO NOVEMBER 3, 2008.

Lag OF Calm Alert Sure Vital Kind Happy
1 day 0.085� 0.272 0.952 0.648 0.120 0.848 0.388
2 days 0.268 0.013�� 0.973 0.811 0.369 0.991 0.7061
3 days 0.436 0.022�� 0.981 0.349 0.418 0.991 0.723
4 days 0.218 0.030�� 0.998 0.415 0.475 0.989 0.750
5 days 0.300 0.036�� 0.989 0.544 0.553 0.996 0.173
6 days 0.446 0.065� 0.996 0.691 0.682 0.994 0.081�

7 days 0.620 0.157 0.999 0.381 0.713 0.999 0.150
(p-value < 0.05: ��, p-value < 0.1: �)

0. The Calm mood dimension thus has predictive value with
regards to the DJIA. In fact the p-value for this shorter period,
i.e. August 1, 2008 to October 30 2008, is significantly lower
(lag n = 3, p = 0.009) than that listed in Table II for the
period February 28, 2008 to November 3, 2008.

The cases in which the t − 3 mood time series fails to
track changes in the DJIA are nearly equally informative
as where it doesn’t. In particular we point to a significant
deviation between the two graphs on October 13th where the
DJIA surges by more than 3 standard deviations trough-to-
peak. The Calm curve however remains relatively flat at that
time after which it starts to again track changes in the DJIA
again. This discrepancy may be the result of the the Federal
Reserve’s announcement on October 13th of a major bank
bailout initiative which unexpectedly increase DJIA values that
day. The deviation between Calm values and the DJIA on that
day illustrates that unexpected news is not anticipated by the
public mood yet remains a significant factor in modeling the
stock market.

E. Non-linear models for emotion-based stock prediction
Our Granger causality analysis suggests a predictive re-

lation between certain mood dimensions and DJIA. How-
ever, Granger causality analysis is based on linear regression
whereas the relation between public mood and stock market
values is almost certainly non-linear. To better address these
non-linear effects and assess the contribution that public mood
assessments can make in predictive models of DJIA values, we
compare the performance of a Self-organizing Fuzzy Neural
Network (SOFNN) model [30] that predicts DJIA values on
the basis of two sets of inputs: (1) the past 3 days of DJIA
values, and (2) the same combined with various permutations
of our mood time series (explained below). Statistically signif-
icant performance differences will allow us to either confirm
or reject the null hypothesis that public mood measurement
do not improve predictive models of DJIA values.

We use a SOFNN as our prediction model since they have
previously been used to decode nonlinear time series data
which describe the characteristics of the stock market [28]
and predict its values [29]. Our SOFNN in particular is a five-
layer hybrid neural network with the ability to self-organize
its own neurons in the learning process. A similar organization
has been successfully used for electricial load forecasting in
our previous work [31].

To predict the DJIA value on day t, the input attributes
of our SOFNN include combinations of DJIA values and

mood values of the past n days. We choose n = 3 since
the results shown in Table II indicate that past n = 4 the
Granger causal relation between Calm and DJIA decreases
significantly. All historical load values are linearly scaled to
[0,1]. This procedure causes every input variable be treated
with similar importance since they are processed within a
uniform range.

SOFNN models require the tuning of a number of pa-
rameters that can influence the performance of the model.
We maintain the same parameter values across our vari-
ous input combinations to allow an unbiased comparison of
model performance, namely δ = 0.04, σ = 0.01, krmse =
0.05, kd(i), (i = 1, ..., r) = 0.1 where r is the dimension of
input variables and krmse is the expected training root mean
squared error which is a predefined value.

To properly evaluate the SOFNN model’s ability to predict
daily DJIA prices, we extend the period under consideration
to February 28, 2008 to December 19, 2008 for training
and testing. February 28, 2008 to November 28, 2008 is
chosen as the longest possible training period while Dec
1 to Dec 19, 2008 was chosen as the test period because
it was characterized by stabilization of DJIA values after
considerable volatility in previous months and the absence of
any unusual or significant socio-cultural events. Fig. 4 shows
that the Fall of 2008 is an unusual period for the DJIA due
to a sudden dramatic decline of stock prices. This variability
may in fact render stock market prediction more difficult than
in other periods.
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Fig. 4. Daily Dow Jones Industrial Average values between February 28,
2008 and December 19, 2008.

The Granger causality analysis indicates that only Calm
(and to some degree Happy) is Granger-causative of DJIA
values. However, the other mood dimensions could still con-
tain predictive information of DJIA values when combined
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Linear models

Definition (Previous n Dow values only)

Dt ∼ intercept +
n∑

i=1

βiDt−i + εi

Definition (Previous n Dow and X values.)

Dt ∼ intercept +
n∑

i=1

βiDt−i +
n∑

i=1

γiXt−i + εi

Results: Only X = Calm is a reliable predictor.
5

TABLE II
STATISTICAL SIGNIFICANCE (P-VALUES) OF BIVARIATE GRANGER-CAUSALITY CORRELATION BETWEEN MOODS AND DJIA IN PERIOD FEBRUARY 28,

2008 TO NOVEMBER 3, 2008.

Lag OF Calm Alert Sure Vital Kind Happy
1 day 0.085� 0.272 0.952 0.648 0.120 0.848 0.388
2 days 0.268 0.013�� 0.973 0.811 0.369 0.991 0.7061
3 days 0.436 0.022�� 0.981 0.349 0.418 0.991 0.723
4 days 0.218 0.030�� 0.998 0.415 0.475 0.989 0.750
5 days 0.300 0.036�� 0.989 0.544 0.553 0.996 0.173
6 days 0.446 0.065� 0.996 0.691 0.682 0.994 0.081�

7 days 0.620 0.157 0.999 0.381 0.713 0.999 0.150
(p-value < 0.05: ��, p-value < 0.1: �)

0. The Calm mood dimension thus has predictive value with
regards to the DJIA. In fact the p-value for this shorter period,
i.e. August 1, 2008 to October 30 2008, is significantly lower
(lag n = 3, p = 0.009) than that listed in Table II for the
period February 28, 2008 to November 3, 2008.

The cases in which the t − 3 mood time series fails to
track changes in the DJIA are nearly equally informative
as where it doesn’t. In particular we point to a significant
deviation between the two graphs on October 13th where the
DJIA surges by more than 3 standard deviations trough-to-
peak. The Calm curve however remains relatively flat at that
time after which it starts to again track changes in the DJIA
again. This discrepancy may be the result of the the Federal
Reserve’s announcement on October 13th of a major bank
bailout initiative which unexpectedly increase DJIA values that
day. The deviation between Calm values and the DJIA on that
day illustrates that unexpected news is not anticipated by the
public mood yet remains a significant factor in modeling the
stock market.

E. Non-linear models for emotion-based stock prediction
Our Granger causality analysis suggests a predictive re-

lation between certain mood dimensions and DJIA. How-
ever, Granger causality analysis is based on linear regression
whereas the relation between public mood and stock market
values is almost certainly non-linear. To better address these
non-linear effects and assess the contribution that public mood
assessments can make in predictive models of DJIA values, we
compare the performance of a Self-organizing Fuzzy Neural
Network (SOFNN) model [30] that predicts DJIA values on
the basis of two sets of inputs: (1) the past 3 days of DJIA
values, and (2) the same combined with various permutations
of our mood time series (explained below). Statistically signif-
icant performance differences will allow us to either confirm
or reject the null hypothesis that public mood measurement
do not improve predictive models of DJIA values.

We use a SOFNN as our prediction model since they have
previously been used to decode nonlinear time series data
which describe the characteristics of the stock market [28]
and predict its values [29]. Our SOFNN in particular is a five-
layer hybrid neural network with the ability to self-organize
its own neurons in the learning process. A similar organization
has been successfully used for electricial load forecasting in
our previous work [31].

To predict the DJIA value on day t, the input attributes
of our SOFNN include combinations of DJIA values and

mood values of the past n days. We choose n = 3 since
the results shown in Table II indicate that past n = 4 the
Granger causal relation between Calm and DJIA decreases
significantly. All historical load values are linearly scaled to
[0,1]. This procedure causes every input variable be treated
with similar importance since they are processed within a
uniform range.

SOFNN models require the tuning of a number of pa-
rameters that can influence the performance of the model.
We maintain the same parameter values across our vari-
ous input combinations to allow an unbiased comparison of
model performance, namely δ = 0.04, σ = 0.01, krmse =
0.05, kd(i), (i = 1, ..., r) = 0.1 where r is the dimension of
input variables and krmse is the expected training root mean
squared error which is a predefined value.

To properly evaluate the SOFNN model’s ability to predict
daily DJIA prices, we extend the period under consideration
to February 28, 2008 to December 19, 2008 for training
and testing. February 28, 2008 to November 28, 2008 is
chosen as the longest possible training period while Dec
1 to Dec 19, 2008 was chosen as the test period because
it was characterized by stabilization of DJIA values after
considerable volatility in previous months and the absence of
any unusual or significant socio-cultural events. Fig. 4 shows
that the Fall of 2008 is an unusual period for the DJIA due
to a sudden dramatic decline of stock prices. This variability
may in fact render stock market prediction more difficult than
in other periods.

DJIA daily closing value (March 2008−December 2008
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Fig. 4. Daily Dow Jones Industrial Average values between February 28,
2008 and December 19, 2008.

The Granger causality analysis indicates that only Calm
(and to some degree Happy) is Granger-causative of DJIA
values. However, the other mood dimensions could still con-
tain predictive information of DJIA values when combined



Predicting political mood Predicting box office revenue Predicting Dow directions Summary

Correlations between DJIA closings and Calm

4

TABLE I
MULTIPLE REGRESSION RESULTS FOR OPINIONFINDER VS. 6 GPOMS

MOOD DIMENSIONS.

Parameters Coeff. Std.Err. t p
Calm (X1) 1.731 1.348 1.284 0.20460
Alert (X2) 0.199 2.319 0.086 0.932
Sure (X3) 3.897 0.613 6.356 4.25e-08 � � �
Vital (X4) 1.763 0.595 2.965 0.004��
Kind (X5) 1.687 1.377 1.226 0.226

Happy (X6) 2.770 0.578 4.790 1.30e-05 ��
Summary Residual Std.Err Adj.R2 F6,55 p

0.078 0.683 22.93 2.382e-13
(p-value < 0.001: � � �, p-value < 0.05: ��, p-value < 0.1: �)

Calm, Alert, Sure, Vital, Kind and Happy.
The multiple linear regression results are provided in

Table I (coefficient and p-values), and indicate that YOF

is significantly correlated with X3 (Sure), X4 (Vital) and
X6 (Happy), but not with X1 (Calm), X2 (Alert) and X5

(Kind). We therefore conclude that certain GPOMS mood
dimension partially overlap with the mood values provided by
OpinionFinder, but not necessarily all mood dimensions that
may be important in describing the various components of
public mood e.g. the varied mood response to the Presidential
election. The GPOMS thus provides a unique perspective on
public mood states not captured by uni-dimensional tools such
as OpinionFinder.

D. Bivariate Granger Causality Analysis of Mood vs. DJIA
prices

After establishing that our mood time series responds to
significant socio-cultural events such as the Presidential elec-
tion and Thanksgiving, we are concerned with the question
whether other variations of the public’s mood state correlate
with changes in the stock market, in particular DJIA closing
values. To answer this question, we apply the econometric
technique of Granger causality analysis to the daily time
series produced by GPOMS and OpinionFinder vs. the DJIA.
Granger causality analysis rests on the assumption that if a
variable X causes Y then changes in X will systematically
occur before changes in Y . We will thus find that the lagged
values of X will exhibit a statistically significant correlation
with Y . Correlation however does not prove causation. We
therefore use Granger causality analysis in a similar fashion
to [10]; we are not testing actual causation but whether one
time series has predictive information about the other or not7.

Our DJIA time series, denoted Dt, is defined to reflect daily
changes in stock market value, i.e. its values are the delta
between day t and day t − 1: Dt = DJIAt − DJIAt−1. To
test whether our mood time series predicts changes in stock
market values we compare the variance explained by two linear
models as shown in Eq. 3 and Eq. 4. The first model (L1)
uses only n lagged values of Dt, i.e. (Dt−1, · · · , Dt−n) for
prediction, while the second model L2 uses the n lagged values
of both Dt and the GPOMS plus the OpinionFinder mood time
series denoted Xt−1, · · · , Xt−n.

7[10] uses only one mood index, namely Anxiety, but we investigate the
relation between DJIA values and all Twitter mood dimensions measured by
GPOMS and OpinionFinder

We perform the Granger causality analysis according to
model L1 and L2 shown in Eq. 3 and 4 for the period of
time between February 28 to November 3, 2008 to exclude
the exceptional public mood response to the Presidential
Election and Thanksgiving from the comparison. GPOMS and
OpinionFinder time series were produced for 342,255 tweets
in that period, and the daily Dow Jones Industrial Average
(DJIA) was retrieved from Yahoo! Finance for each day8.

L1 : Dt = α +
n�

i=1

βiDt−i + �t (3)

L2 : Dt = α +

n�

i=1

βiDt−i +

n�

i=1

γiXt−i + �t (4)

Based on the results of our Granger causality (shown in
Table II), we can reject the null hypothesis that the mood time
series do not predict DJIA values, i.e. β{1,2,··· ,n} �= 0 with a
high level of confidence. However, this result only applies to
1 GPOMS mood dimension. We observe that X1 (i.e. Calm)
has the highest Granger causality relation with DJIA for lags
ranging from 2 to 6 days (p-values < 0.05). The other four
mood dimensions of GPOMS do not have significant causal
relations with changes in the stock market, and neither does
the OpinionFinder time series.

To visualize the correlation between X1 and the DJIA in
more detail, we plot both time series in Fig. 3. To maintain
the same scale, we convert the DJIA delta values Dt and mood
index value Xt to z-scores as shown in Eq. 1.
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Fig. 3. A panel of three graphs. The top graph shows the overlap of the
day-to-day difference of DJIA values (blue: ZDt ) with the GPOMS’ Calm
time series (red: ZXt ) that has been lagged by 3 days. Where the two graphs
overlap the Calm time series predict changes in the DJIA closing values that
occur 3 days later. Areas of significant congruence are marked by gray areas.
The middle and bottom graphs show the separate DJIA and GPOMS’ Calm
time series.

As can be seen in Fig. 3 both time series frequently overlap
or point in the same direction. Changes in past values of Calm
(t − 3 ) predicts a similar rise or fall in DJIA values (t =

8Our DJIA time series has no values for weekends and holidays because
trading is suspended during those days. We do not linearly extropolate to fill
the gaps. This results in a time series of 64 days.
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Correlations between DJIA closings and Calm
Those were interesting times . . .

we point to a significant deviation between the two graphs
on October 13th where the DJIA surges by more than 3
standard deviations trough-to-peak. The Calm curve how-
ever remains relatively flat at that time after which it starts
to again track changes in the DJIA again. This discrep-
ancy may be the result of the the Federal Reserve’s an-
nouncement on October 13th of a major bank bailout ini-
tiative which unexpectedly increase DJIA values that day.
The deviation between Calm values and the DJIA on that
day illustrates that unexpected news is not anticipated by
the public mood yet remains a significant factor in model-
ing the stock market. (p. 5)
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Nonlinear models
Model
Self-organizing Fuzzy Neural Network

Training and testing
• Training: Feb. 28, 2008 to Nov. 28, 2008

• Testing: Dec. 1, 2008 to Dec. 19, 2008
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TABLE II
STATISTICAL SIGNIFICANCE (P-VALUES) OF BIVARIATE GRANGER-CAUSALITY CORRELATION BETWEEN MOODS AND DJIA IN PERIOD FEBRUARY 28,

2008 TO NOVEMBER 3, 2008.

Lag OF Calm Alert Sure Vital Kind Happy
1 day 0.085� 0.272 0.952 0.648 0.120 0.848 0.388
2 days 0.268 0.013�� 0.973 0.811 0.369 0.991 0.7061
3 days 0.436 0.022�� 0.981 0.349 0.418 0.991 0.723
4 days 0.218 0.030�� 0.998 0.415 0.475 0.989 0.750
5 days 0.300 0.036�� 0.989 0.544 0.553 0.996 0.173
6 days 0.446 0.065� 0.996 0.691 0.682 0.994 0.081�

7 days 0.620 0.157 0.999 0.381 0.713 0.999 0.150
(p-value < 0.05: ��, p-value < 0.1: �)

0. The Calm mood dimension thus has predictive value with
regards to the DJIA. In fact the p-value for this shorter period,
i.e. August 1, 2008 to October 30 2008, is significantly lower
(lag n = 3, p = 0.009) than that listed in Table II for the
period February 28, 2008 to November 3, 2008.

The cases in which the t − 3 mood time series fails to
track changes in the DJIA are nearly equally informative
as where it doesn’t. In particular we point to a significant
deviation between the two graphs on October 13th where the
DJIA surges by more than 3 standard deviations trough-to-
peak. The Calm curve however remains relatively flat at that
time after which it starts to again track changes in the DJIA
again. This discrepancy may be the result of the the Federal
Reserve’s announcement on October 13th of a major bank
bailout initiative which unexpectedly increase DJIA values that
day. The deviation between Calm values and the DJIA on that
day illustrates that unexpected news is not anticipated by the
public mood yet remains a significant factor in modeling the
stock market.

E. Non-linear models for emotion-based stock prediction
Our Granger causality analysis suggests a predictive re-

lation between certain mood dimensions and DJIA. How-
ever, Granger causality analysis is based on linear regression
whereas the relation between public mood and stock market
values is almost certainly non-linear. To better address these
non-linear effects and assess the contribution that public mood
assessments can make in predictive models of DJIA values, we
compare the performance of a Self-organizing Fuzzy Neural
Network (SOFNN) model [30] that predicts DJIA values on
the basis of two sets of inputs: (1) the past 3 days of DJIA
values, and (2) the same combined with various permutations
of our mood time series (explained below). Statistically signif-
icant performance differences will allow us to either confirm
or reject the null hypothesis that public mood measurement
do not improve predictive models of DJIA values.

We use a SOFNN as our prediction model since they have
previously been used to decode nonlinear time series data
which describe the characteristics of the stock market [28]
and predict its values [29]. Our SOFNN in particular is a five-
layer hybrid neural network with the ability to self-organize
its own neurons in the learning process. A similar organization
has been successfully used for electricial load forecasting in
our previous work [31].

To predict the DJIA value on day t, the input attributes
of our SOFNN include combinations of DJIA values and

mood values of the past n days. We choose n = 3 since
the results shown in Table II indicate that past n = 4 the
Granger causal relation between Calm and DJIA decreases
significantly. All historical load values are linearly scaled to
[0,1]. This procedure causes every input variable be treated
with similar importance since they are processed within a
uniform range.

SOFNN models require the tuning of a number of pa-
rameters that can influence the performance of the model.
We maintain the same parameter values across our vari-
ous input combinations to allow an unbiased comparison of
model performance, namely δ = 0.04, σ = 0.01, krmse =
0.05, kd(i), (i = 1, ..., r) = 0.1 where r is the dimension of
input variables and krmse is the expected training root mean
squared error which is a predefined value.

To properly evaluate the SOFNN model’s ability to predict
daily DJIA prices, we extend the period under consideration
to February 28, 2008 to December 19, 2008 for training
and testing. February 28, 2008 to November 28, 2008 is
chosen as the longest possible training period while Dec
1 to Dec 19, 2008 was chosen as the test period because
it was characterized by stabilization of DJIA values after
considerable volatility in previous months and the absence of
any unusual or significant socio-cultural events. Fig. 4 shows
that the Fall of 2008 is an unusual period for the DJIA due
to a sudden dramatic decline of stock prices. This variability
may in fact render stock market prediction more difficult than
in other periods.
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Fig. 4. Daily Dow Jones Industrial Average values between February 28,
2008 and December 19, 2008.

The Granger causality analysis indicates that only Calm
(and to some degree Happy) is Granger-causative of DJIA
values. However, the other mood dimensions could still con-
tain predictive information of DJIA values when combined
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Results
All models use the previous three days of values. MAPE: mean
absolute percentage error. Direction: up or down.

Model MAPE (%) Direction (%)

DJIA 1.94 73.3
DJIA + OpinionFinder 1.95 73.3
DJIA + Calm 1.83 86.7
DJIA + Calm + Alert 2.03 60.0
DJIA + Calm + Sure 2.13 46.7
DJIA + Calm + Vital 2.05 60.0
DJIA + Calm + Kind 1.85 73.3
DJIA + Calm + Happy 1.79 80.0

“The odds that the mentioned probability would hold by chance for
a random period of 20 days within that period is then estimated to
be [. . . ] 3.4%.” (p. 6)
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Summary

• These papers are provocative in a good way: they strongly
suggest that Twitter takes a measure of general public mood
that correlates with real world events.

• A frustration: it’s unclear, to me and to the authors of these
papers, why their models work the way they do.

• (Interesting control experiment: try to use frequency of
function words, or tokens of Justin Bieber, to predict things
about the future.)
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