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1 Introduction 
The internet has seen an explosion of user-
generated content over the past several years. 
This content, and particularly blogs, provide a 
vast amount of information that is often not 
utilized because of its unruly nature and the 
technical problems of extracting information 
from massive amounts of raw text. In this 
project we analyze political views in blogs, 
extracting authors’ opinions about candidates 
and political parties. These opinions are sum-
marized into FeelScores, which we use to ex-
amine political opinions over time, how opi-
nions are affected by events such as national 
conventions and debates, and how opinions 
vary by gender, age, and blog network. We al-
so compare these extracted opinions with polls 
and the election results of the 2008 presiden-
tial elections, showing that our data matches 
the popular vote within 1% when using blog-
gers’ opinions about Obama, McCain, Biden, 
and Palin. 

Our blog data, gathered by Professor 
Kamvar’s crawler, comes from Blogger, Live-
Journal, and MySpace. Unfortunately, due to 
errors in the crawler, the data abruptly ends on 
October 28, 2008 (the election was on No-
vember 4). Nevertheless, we are still able to 
make interesting use of the data up to October 
28 and to use the October 28 data for predict-
ing the presidential election’s popular vote. 

Our work studies the opinions of eight dif-
ferent classes: Obama, McCain, Biden, Palin, 
Republicans, Democrats, Liberals, and Con-
servatives. Aside from the previously men-
tioned avenues of investigation, we also ex-
plore the friend network created by these 
bloggers and the tendencies of listing political 

interests in profiles and joining political com-
munities, while tackling data sparseness and 
other technical issues along the way. 

2 Generating FeelScores 
Our FeelScores are created through extracting 
feelings from text. These FeelScores are aug-
mented by interests listed in authors’ profiles 
and the communities that authors join. Aside 
from examining aggregate FeelScores, we are 
also interested in examining each class’ 
FeelScore across time. Thus after generating a 
FeelScore for each author, we expand our ap-
proach to create a FeelScore curve across time 
for each class. 

2.1 Extracting Feelings from Text 
We initially planned to pursue a natural lan-
guage processing (NLP) approach of parsing 
each blog post into sentences with part of 
speech tags and dependency trees, and using 
this information to accurately extract state-
ments about each candidate from the text. This 
approach worked well in our past experience 
with extracting pros and cons from product 
reviews. Unfortunately, the amount of data in 
the blog dataset is too large given our time-
frame and our current modest computing 
power (even when only trying to parse text 
that contains the last name of one of the 
classes). Instead, we employ a much more im-
precise – but fast – method. In this section we 
describe the process of extracting feeling from 
text and turning the extracted information into 
a FeelScore for each author/class pair. This 
process is expanded upon in Section 2.3 to 
produce FeelScores over time. 
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2.1.1 General Implementation 

2.1.1.1 Preparing the Data 
The process starts with tokenizing each blog 
post into sentences. Aside from separating 
each post into sentences, this also separates 
text as needed into words. Text is lowercased, 
end of sentence markers are separated from 
the last word in the sentence, as well as com-
mas that may occur midsentence, and com-
pound words are separated. For example, the 
sentence “I don’t like Fred.” turns into “i do 
n’t like fred .”. Note that “do” and “n’t” are 
separated. 

After tokenizing the text, we use word lists 
to compactly define many phrases that are 
searched for in the text. We first define several 
word synonyms. Each word synonym contains 
a list of words that have the same general 
meaning that we are targeting. We have word 
synonyms for bad, good, is, not, plans, I, am, 
and skip words. For example, the word syn-
onyms for “bad” contain idiot, liar, horrible, 
and boring. 

Lists such as “not” and “is” are used as a 
poor man’s replacement of proper lexical 
morphology routines that require parsed sen-
tences with part of speech tags. The skip 
words list is also used as a cheap replacement 
for our NLP routines that can easily handle 
extra filler words between the important 
words in a sentence. The skip words list con-
tains words such as way, so, too, very, and 
punctuation such as the comma and dash. 

We use the word synonyms to define posi-
tive and negative lists of feeling indicators. 
These two lists contain phrases that would in-
dicate a positive or negative feeling about 
something. For example, “is bad” is one of the 
phrases in the negative list. Using our word 
synonyms, and remembering that any number 
of skip words can occur between words in our 
phrase, this simple phrase will match phrases 
such as "is horrible”, “is an idiot”, “is so stu-
pid”, etc. To limit the amount of definitions 
we must maintain, all phrases that contain 

“good” or “bad” are only defined in the nega-
tive list. When reading the lists from disk, we 
automatically add the opposite of the phrase to 
the positive list. 

Finally, we use candidate name lists that 
contain many different ways of referring to a 
particular candidate. This includes obvious 
choices such as “Obama”, “McCain” or “gov-
ernor of Alaska”, and also includes slang 
/nicknames such as “McSame”, “McLame”, 
and “NoBama”. Appendix 2.1.1.1 details all 
of our word synonyms, feeling indicators, and 
class name lists. 

2.1.1.2 Processing the Data 
After all of our data is prepared, we extract 
positive and negative votes from the blog text 
for each candidate. For each sentence, we 
identify which candidates are mentioned in the 
sentence. We then count the number of nega-
tive and positive feeling indicators that are 
present in the sentence and give the counts to 
each candidate that was mentioned in the sen-
tence. Due to not having the sentence’s lin-
guistic parse, we do not make any attempt at 
anaphora resolution (identifying the entities 
referred to by “he” or “she”). 

At the end of the process we have for each 
candidate the sentences that the candidate was 
mentioned in and the number of negative and 
positive statements within the sentences. We 
use these counts to calculate a FeelScore for 
each candidate. A FeelScore is a decimal 
number ranging from -1 to 1 that indicates a 
feeling with -1 being pure negative, 1 being 
pure positive, and 0 being neutral. The calcu-
lation of this FeelScore is discussed in later 
sections. 

2.1.1.3 What People Are Saying 
As an addendum, here are several sample 
phrases showing what people are saying about 
the candidates. 
 
Obama for Prez 
 
Both have huge flaws, but on balance 
McCain’s is better 
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The problem with McCain’s approach… 
 
I disagree with Obama on the war… 
 
Right away, Biden loses focus on the 
actual topic 
 
Someone like Joe Biden or Chris Dodd 
would be good 
 
As second choices go, Biden is a good 
one 
 
I can think of none better than the 
current Governor of the good state of 
Alaska 

2.1.2 Sentence Level Analysis 
Approximately 6.3% of sentences that men-
tioned a candidate contains a positive or nega-
tive phrase. Figure 2.1.2a shows each candi-
date’s proportion of blogosphere chatter on a 
sentence level. The presidential candidates are 
naturally mentioned in more sentences than 
the VPs, but Obama seems to be more popular 
than McCain by 9 points. On the other hand, 
Palin is talked about 5.75 times as often as Bi-
den. This increased chatter about Palin causes 
the Republican ticket to have more mentions 
than the Democrats by 10 points. 
 

 
 

Luckily for the Democrats, not all publici-
ty is good publicity. Figure 2.1.2b shows the 
sentence-aggregate FeelScore for each candi-
date. We calculated the sentence-aggregate 
FeelScore by summing the positive and nega-
tive counts for each candidate across all of the 

sentences. We treat each positive or negative 
count as a vote and use the following equation 
to calculate the candidate’s FeelScore: 
 

untNegativeCountPositiveCo
untNegativeCountPositiveCo




 

 
This results in a number in the range [-1, 1]. 
 

 
 

As Figure 2.1.2b shows, all candidates 
have an overall positive FeelScore. Despite 
having a small presence in blogs, Biden has 
the highest FeelScore. When comparing the 
Republican and Democratic tickets in terms of 
FeelScore, the Democrats are clearly the win-
ners. Somewhat interestingly, both vice presi-
dential candidates have a higher FeelScore 
than their respective runningmate! 

2.1.3 Overall/Author Level FeelScores 
The sentence-level FeelScore is inadequate 
because a single spammer can overly manipu-
late the scores by posting a single blog mes-
sage that contains thousands of positive or 
negative mentions for any of the classes. To 
mitigate this issue, we calculate a FeelScore 
for each author/class pair and then calculate an 
overall FeelScore for each class by summing 
each author’s FeelScore for the class and di-
viding by the number of authors that ex-
pressed a positive or negative view about the 
class. This process produces a number in the 
range [-1, 1]. 



[4] 

Specifically, for a given author/class pair, 
the positive and negative counts are calculated 
using the following equations. In these calcu-
lations, HC(s,c) returns 1 if sentence s con-
tains class c and 0 otherwise. NI returns the 
number of positive or negative feeling indica-
tors in the sentence. After calculating all au-
thor/class FeelScores, we create an overall 
FeelScore for a class by a simple average of 
the class’ author FeelScores (only including 
authors that have expressed an opinion about 
the class). 
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2.2 Incorporating Interests and 
Communities 

Blog posts are not the only route that authors 
can take to express their opinions. Many of the 
blog networks also allow authors to list inter-
ests in their profiles and to join communities. 
In this section we discuss including interests 
and communities into the FeelScores. 

2.2.1 Interests 
We searched for interests in the dataset that 
contained the last name of a candidate or the 
words “republican”, “democrat”, “liberal”, or 
“conservative”. This returned 348 distinct in-
terests. Since this set is rather small, we hand-
labeled each interest as being positive, nega-
tive, or neutral towards each class with each 
class only being labeled as non-neutral if the 
interest explicitly contains the class’s name. 
Thus a positive interest for Republican does 
not count as being positive for McCain or 
negative for Obama. After filtering for irrele-

vant interests such as “palindromes”, we are 
left with 302 distinct interests. 

Most of these interests are from the Live-
Journal network, with 273 interests from Live-
Journal and 29 from Blogger. The dataset con-
tains interests starting on August 5 2008. This 
fact will affect our results when presenting our 
time-based analysis later. 

 
Table 2.2.1: Interest Counts by Class 

 

Positive Interests 

Class Interest 
Count 

Author 
Count 

Obama 33 201 
McCain 5 14 
Biden 4 6 
Palin 7 48 
Republicans 25 118 
Democrats 41 373 
Liberals 100 605 
Conservatives 38 112 

 

Negative Interests 

Class Interest 
Count 

Author 
Count 

Obama 2 3 
McCain 3 5 
Biden 0 0 
Palin 5 6 
Republican 15 28 
Democrat 2 3 
Liberal 12 13 
Conservative 10 17 

 
Table 2.2.1 summarizes the number of in-

terests that are positive or negative for each 
class, as well as the number of distinct authors 
listing a positive or negative interest for each 
class. The counts clearly show that people list 
positive items in their interests much more 
frequently than negative items. Mentions for 
the left-leaning classes (Obama, Biden, Dem-
ocrat, and Liberal) also far outweigh the right-
leaning classes in terms of the number of dis-
tinct interests and the number of distinct au-
thors prescribing to the interests. Of the can-
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didates, Obama’s mentions in the interests are 
far more numerous than all other candidates. 
Biden remains the least mentioned candidate, 
but his trend of mostly positive mentions con-
tinues with all of his mentions in interests be-
ing positive. 

Figure 2.2.1 shows an overhead view of 
how many authors prescribe to a given num-
ber of positive interests per class. We see that 
for each class 70% to 80% of authors only list 
one positive interest while 10% to 20% list 
two interests. The data contains a few outliers 
that are now shown, with one author prescrib-
ing to 12 positive interests for the Democrat 
class and another prescribing to 9 positive in-
terests for the Liberal class. The result seems 
to correlate well with the number of interests 
pertaining to a particular class. Classes with a 
large number of interests, such as Democrats 
or Liberals, tend to have more authors pre-
scribing to multiple interests for the class. 
 

 

2.2.1.1 Interests Across Time 
Figure 2.2.1.1 plots the number of authors 
prescribing to an interest by class across time. 
This data uses the date that each author-
interest connection was inserted into the data-
base. We had hoped that this information 
would be a good rough estimate of when the 
author actually added the interest to his or her 
profile. 

Each class’ curve exhibits the same stair-
step behavior regardless of the class’ left or 
right-leaning association. Unfortunately, this 
behavior is most likely due to the scheduling 
of the crawler that collected the data, with 
batches of interests collected and inserted into 
the system every three to four days. This time-
based view of authors’ interests will still be 
useful when examining each class’ FeelScore 
across time, but it is not useful for examining 
interests alone. 
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2.2.1.2 Interests by Gender, Age, Etc. 
The vast majority of authors with relevant in-
terests do not have a listed gender, birthday, or 
location. For example, of all authors with an 
interest pertaining to Obama only 2 have a 
gender that is not “unspecified”. We believe 
that this is mostly due to the format of Live-
Journal and Blogger rather than any over-
whelming connection between listing a politi-
cal view in your interests and staying ano-
nymous in terms of gender. 

In fact, LiveJournal does not contain any 
gender information for authors while Blogger 
contains gender information for 45.1% of au-
thors. On the age front, the LiveJournal data 
contains birthday information for only 1.9% of 
authors and Blogger for 27.2%. 

2.2.1.3 Example Interests 
Many of the positive interests simply state a 
class, such as “obama”, “mccain 08”, or “re-
publican”. Most of the negative interests fol-
low a well-defined format of “doing some-
thing to _class_” where “_class_” is replaced 
by the respective class. The “doing some-
thing” part ranges from civil comments to ra-
ther harsh comments. Some examples are: 
“anti”, “teasing”, “baiting”, “bashing”, “hat-
ing”, “pissing off”, “cockpunching”, “forced 
lobotomization of”, and “death to”. 

2.2.2 Communities 
We generated a list of relevant communities in 
the same way as the interests. The community 
data comes entirely from LiveJournal with 
128 communities pertaining to at least one of 
the classes. The data contains 602 distinct au-
thors from LiveJournal. 

Table 2.2.2 summarizes the amount of 
positive and negative communities pertaining 
to each candidate. The characteristics are simi-
lar to the interests examined earlier. Obama 
has the most communities out of all candi-
dates. Biden has the least positive communi-
ties but does not have any negative communi-
ties. Palin is the candidate with the most nega-

tive communities. The left-leaning communi-
ties vastly outnumber the amount of right-
leaning communities. 

 
Table 2.2.2: Community Counts by Class 

 

Positive Communities 

Class Community 
Count 

Author 
Count 

Obama 26 206 
McCain 6 15 
Biden 1 3 
Palin 5 17 
Republicans 8 26 
Democrats 19 111 
Liberals 45 281 
Conservatives 9 17 

 

Negative Communities 

Class Community 
Count 

Author 
Count 

Obama 1 9 
McCain 2 13 
Biden 0 0 
Palin 3 11 
Republicans 0 0 
Democrats 0 0 
Liberals 3 10 
Conservatives 0 0 

 
Figure 2.2.2 shows the percentage of au-

thors that join a given number of positive 
communities about each class. Since there are 
far less communities in comparison with in-
terests, one might expect Figure 2.2.2 to have 
higher percentages at a frequency of 1 in 
comparison to Figure 2.2.1. Somewhat surpri-
singly, this only happens with Biden and Con-
servatives. All other classes have a higher per-
centage of authors joining at least two com-
munities. 

This behavior of joining multiple com-
munities more often than listing multiple in-
terests is intuitive when examined from anoth-
er angle. Most people probably find that mak-
ing a single statement in their interests section 
about a class is sufficient. There is little 
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gained from listing both “obama” and “obama 
for prez” in your interests section. On the oth-
er hand, by joining multiple communities 
about a single class you are maximizing the 
number of people that you encounter with 
similar political feelings. Thus one would ex-
pect bloggers to be more likely to join mul-
tiple communities for a single class than list 
multiple interests for the class. 

Similar to interests, the community data 
contains the date that each author-community 
pair was added to the database. This time in-
formation exhibits the same stair-stepping be-
havior as interests and is most likely due to the 
same reasons discussed in Section 2.2.1.1. Al-
so like Section 2.2.1.2, the community data 
contains insufficient information for an analy-
sis by gender, age, or location. 

 

 

2.2.2.1 Example Communities 
The majority of positive communities list a 
class along with some kind of demographic in-
formation such as race or location. Examples 

include “Obama PA”, “GothsForObama”, and 
“TeenRepublicans”. The few negative com-
munities that exist generally contain “anti”, 
“no”, or something else such as “wtf”. 

2.3 FeelScores Across Time 
2.3.1 Blog-based FeelScores 
We calculate blog-based FeelScores in a simi-
lar way as before. For each blog post, we have 
the number of positive and negative phrases 
pertaining to each class. We use these counts 
to calculate a blog-based FeelScore for each 
author over time. 

For a given day where the author blogged 
about a class, the author’s positive and nega-
tive counts for the class are calculated as an 
exponential decaying sum of the counts for all 
blog posts that happened on that day or before 
that day. Specifically, for a given au-
thor/class/day triplet, the positive and negative 
counts are calculated as follows with HC and 
NI defined the same as before: 
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We then calculate the adjusted counts for a 
given day D by: 
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After calculating the adjusted counts, the au-
thor/class/day triplet FeelScore is calculated in 
a similar way as before: 
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Since most authors do not blog about each 

class on a daily basis, we fill out the year’s 
FeelScores for the author/class pair by taking 
the FeelScore that occurred on or before the 
given day and closest to it. Thus if an author 
blogs about Obama once on January 5, the au-
thor’s blog-based FeelScore for Obama from 
January 5 through to the end of the year will 
be whatever FeelScore was calculated from 
the January 5 blog post. 

We create a final blog-based FeelScore 
curve for each class by, on a given day, aver-
aging the FeelScores for each author that has 
blogged about the class on or before the day. 
As one might notice, this gives equal weight 
to all authors regardless of when they blogged 
about the class. For example, an author that 
last blogged about the class 90 days before the 
current day would have equal weight to an au-
thor that blogged about the class on the cur-
rent day. 

While this is somewhat undesirable, it was 
the only way to generate a non-chaotic curve 
due to our lack of data. To illustrate this issue, 
Figure 2.3.1a shows each candidate’s blog-
based FeelScore across time if each class’ 
FeelScore for a given day is calculated as an 
exponential decaying average based on the 
number of days between the current day and 
the last day that the author blogged about the 
class. The average is calculated with a base of 
0.9, thus authors blogging on the current day 
get a weight of 1, authors on the previous day 
get a weight of 0.9, authors two days away get 
a weight of 0.81, etc. 

Figure 2.3.1a is difficult to analyze be-
cause of all of the jumps in the curves. This 
problem is even more severe when only using, 
say, the last 5 days worth of blog posts. Figure 
2.3.1b shows the distinct number of authors 
blogging per day about each candidate. While 

the figure’s size does not allow one to easily 
track the amount of authors talking about a 
particular candidate, it clearly shows that for 
the majority of the year every candidate has 
less than 50 authors making positive or nega-
tive statements about them on a given day. 
The Republican / Democrat / Liberal / Con-
servative graph follows the same trend of 
peaking around September 1, which is right in 
between the Democrat and Republican con-
ventions. 
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Figure 2.3.1c shows, for each candi-
date/day, the number of authors that have a 
positive or negative opinion about that candi-
date that was expressed on or before the given 
day. Figure 2.3.1c shows that by the time the 
conventions are occurring (around September 
1), each candidate has a few hundred to a few 
thousand authors that have expressed opinions 
about them. This will clearly provide more 
stable FeelScore curves for each class. 

 

 
 

Aside from generating non-chaotic FeelS-
core curves, we believe that our method of 
giving equal weight to authors regardless of 
when they last blogged about the class accu-
rately models most people’s opinions about 
the classes. Certainly, some authors are so 
enthralled by politics that they blog about it on 
a daily or at least weekly basis. On the other 
hand, most people will write one or two posts 
expressing their opinions, and will then never 
blog about the subject again unless their opi-
nion changes. Our blog-based FeelScore me-
thod takes this into account by assuming that 
an author’s opinion about a class does not 
change over time unless the author explicitly 
blogs about the class again. 

Figure 2.3.1d gives a taste of what our fi-
nal FeelScore curves will look like. The 

curves are vastly more manageable than the 
ones presented in Figure 2.3.1a. In this figure, 
each candidate’s curve appears once the can-
didate’s average FeelScore includes at least 40 
authors. 

 

 

2.3.2 Incorporating Interests 
and Communities 

As discussed in Section 2.2.1.1, the date asso-
ciated with each author-interest or author-
community pair is the date that the connection 
was added to the database, and it is not suffi-
cient to graph over time because the crawler 
bulk inserted connections into the database 
ever few days. Nevertheless, the dates are still 
useful for augmenting the blog-based FeelS-
cores. 

We added interests and communities by 
adding 5 positive or 5 negative counts to the 
adjusted counts for the day that the connection 
was added to the database and all days after-
wards. Thus if an author lists a positive inter-
est about Obama on April 13, 5 positive 
counts will be added to all days on or after 
April 13. 

Since the majority of interests and com-
munities are positive, the incorporation of in-
terests and communities into the overall 
FeelScore has a general effect of boosting all 
class’ FeelScores. Also, since our interest and 
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community data starts on August 5, the FeelS-
core curves are the same up to that point. 

Figure 2.3.2a shows the general lift in each 
candidate’s curve brought about by including 
interests and communities. The solid lines in-
clude interests and communities while the dot-
ted lines are the blog-based curves. The inter-
ests and communities have the most effect on 
candidates that had a lot of interests or com-
munities about them. Obama’s FeelScore is 
lifted the most – by about 0.05, while Palin 
and Biden receive a small boost in scores. 
Surprisingly, McCain’s curve stays almost ex-
actly the same. 

 

 
 

The magnitude of the positive lift is most-
ly a result of interests and communities in-
cluding authors in the calculation that have not 
made any blog posts about the candidates. Ex-
amining the last day of our data when per-

forming this interest/community analysis (Oc-
tober 25) reveals that incorporating interests 
and communities increased the number of au-
thors with opinions about Obama by 333. The 
increase for McCain, Biden, and Palin are 41, 
10, and 65 respectively. This explains the size 
of the gap between curves for all candidates 
but McCain. McCain’s curve does not change 
because of the 41 new authors in McCain’s 
FeelScore calculation, half are from positive 
interests/communities and half are from nega-
tive interests/communities. 

The party FeelScores in Figure 2.3.2b 
show drastically different curves when incor-
porating interests and communities. Most not-
ably, the incorporation of interests and com-
munities shoots the Liberal class from the 
worst FeelScore of around 0.05 to the best of 
around 0.55. The large changes seen in the 
Democrat and Liberal classes are due to their 
dominance in the number of positive inter-
ests/communities as well as the number of au-
thors prescribing to those inter-
ests/communities. 
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This dominance can be seen in Table 
2.3.2, which contains the summary counts for 
the party classes from Table 2.2.1 and Table 
2.2.2. The Liberal class has almost 6 times as 
many authors prescribing to positive related 
interests in comparison to the right-leaning 
classes. The ratio is even greater for com-
munities, with the Liberal author count being 
11 to 16 times larger than the Republican or 
Conservative author counts. 

 

Table 2.3.2: Counts by Class 
 

Positive Interests 

Class Interest Count Author 
Count 

Republicans 25 118 
Democrats 41 373 
Liberals 100 605 
Conservatives 38 112 

 

Negative Interests 
Republican 15 28 
Democrat 2 3 
Liberal 12 13 
Conservative 10 17 

 

Positive Communities 

Class Community 
Count 

Author 
Count 

Republicans 8 26 
Democrats 19 111 
Liberals 45 281 
Conservatives 9 17 

 

Negative Communities 
Republicans 0 0 
Democrats 0 0 
Liberals 3 10 
Conservatives 0 0 

3 Overall Blog-based FeelScores 
In this section we examine aggregate blog-
based FeelScores for each class. Thus we do 
not incorporate interests or communities into 
the FeelScore calculations. We also do not 
take time into account, which means that an 
author’s FeelScore for a class is the average of 
all days with no preference given to the most 
recently stated opinion. After reviewing can-
didate and party FeelScores, we segment the 
FeelScores by blog network and gender. 

3.1 Candidate FeelScores 
Figure 3.1 shows the overall blog-based 
FeelScores for each candidate. Comparing the 
result with the sentence-level FeelScores in 
Figure 2.1.2b shows that while all FeelScores 
dropped a little, the overall shape of the scores 
relative to each other did not change. 

 

 

3.2 Party Scores 
Figure 3.2a shows the distribution of authors 
with positive/negative chatter about at least 
one of the four classes. The sum of the left-
leaning classes (46%) and the sum of the 
right-leaning classes (54%) is similar to the 
distribution of candidate mentions in sen-
tences from Figure 2.1.2a, which had 45% for 
Obama/Biden and 55% for McCain/Palin. The 
mention of Liberals vs. Conservatives is rela-
tively even, but the Republican party is men-
tioned much more often than the Democratic 
party.  
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Figure 3.2b shows each class’ overall 
blog-based FeelScore. The result is surprising-
ly different from the candidate results in Fig-
ure 3.1. While all of the FeelScores are lower 
than the candidate FeelScores, the Republi-
cans come out on top. This is a stark contrast 
to our candidate results. 

In general, it is expected that the Liberal 
and Conservative classes have a lower FeelS-
core than the Republican and Democrat 
classes. This is because many people tend to 
use the mere term “liberal” or “conservative” 
as an insult. In our own experiences, we have 
found that people trash talking Democrats are 
much more likely to use the term “liberal” 
than people trash talking Republicans are to 
use the term “conservative”. Additionally, we 
believe that conservatives are more likely to 
use the term “liberal” as a negative than liber-
als are to use the term in a positive manner. 
This hypothesis explains why the Liberal class 
has such a low FeelScore in comparison to the 
other classes. 
 

 
3.2.1 Qualitative Analysis 

A qualitative examination of sentences 
containing “liberal” found few sentences that 
could be summarized as saying “I am a liber-
al”. On the other hand, we found many sen-
tences saying “I am a conservative.” We per-

formed this examination by searching for sen-
tences that matched the following regular ex-
pressions: 
 
I (am|’m) ([^\n]*)liberal 
I (am|’m) ([^\n]*)conservative 

 
The “liberal” regex returned very few sen-

tences, with a relatively small number of sen-
tences meaning our desired phrase. Some ex-
ample sentences include: 
 
I’m a liberal by politics 
I am a liberal here 
I’m generally more liberal 

 
The “liberal” regex actually returned an 

equal number of sentences saying something 
negative about liberals. Examples include: 
 
I’m really sick and tired of so-
called liberals. 
I am home sick today, do I have the 
flu or am I sick of watching liberals 
I’m not a liberal 

 
On the other hand, the “conservative” re-

gex returned no negative mentions and re-
turned twice as many sentences meaning our 
desired phrase. Some examples are: 
 
I’m very conservative 
I’m fairly conservative 
I am conservative 
I’m conservative by nature 
I am one conservative 

 
While our qualitative analysis was not ex-

haustive, we feel that it adequately supports 
our hypothesis that the term “liberal” is more 
often used by conservatives in a negative con-
text than it is used by liberals in a positive 
way. 
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3.3 By Blog Network 
3.3.1 Candidate Scores 
We found that the candidate FeelScores vary 
significantly by blog network. Figure 3.3.1a 
shows the positive/negative chatter propor-
tions for each candidate on each network. Li-
veJournal and Blogger have almost identical 
distributions while chatter on MySpace seems 
to be all about the presidential candidates – 
and mostly about Obama. 

 

Figure 3.3.1a: Positive/Negative 
Chatter By Blog Network 

 

 

 
 

Figure 3.3.1b shows the FeelScores of 
each candidate across each blog network. The 
data shows that the increased proportion of 
chatter about Obama on MySpace is from 
roughly equal levels of positive and negative 
remarks since Obama’s FeelScore remains 
fairly constant across the networks. None of 
the other candidates have as flat a FeelScore 
curve across networks as Obama. 

Biden remains with the highest FeelScore 
regardless of the network. The Republican 
ticket appears to have a stronger base on 
Blogger than on LiveJournal, with both 
McCain and Palin exhibiting the same curve 
that is much higher at the Blogger network 
than at LiveJournal or MySpace. Biden’s jump 

in FeelScore at MySpace is most likely due to 
only being mentioned 6 times – the data is 
scarce and unreliable. 

 

 
3.3.2 Party Scores 
Figure 3.3.2a shows the positive/negative 
chatter distributions for MySpace, LiveJour-
nal, and Blogger. Just as in our candidate 
analysis, MySpace’s proportions are signifi-
cantly different from the other two networks. 
MySpace has more left-leaning chatter than 
the other networks. In terms of FeelScores, 
MySpace is also the oddball. 

 

Figure 3.3.2a: Positive/Negative 
Chatter By Blog Network 
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Figure 3.3.2b shows the FeelScores for 

each class across the three networks. The 
graph shows a general trend in the averages of 
positive and negative mentions moving from 
left to right. LiveJournal seems to be the har-
shest network while Blogger is overwhelming-
ly more positive about all of the classes than 
the other networks. Strangely, MySpace has a 
much lower FeelScore for the Republican 
class than the other networks yet the Conserv-
ative class has MySpace’s highest FeelScore. 

The FeelScores in Figure 3.3.2b are oppo-
site to what would be expected from looking 
at the candidate analysis of Section 3.3.1. In 
our candidate analysis the Obama/Biden ticket 
had a significant majority on all networks yet 
the Republican/Conservative classes have a 
majority overall in this case. 
 

 

3.4 By Gender 
3.4.1 Candidate Scores 
Much of our data contains gender information 
about the authors. Each author either has a 
gender of unspecified, female, or male. This 
section’s data contains information from 
MySpace and Blogger. We do not include Li-
veJournal’s data because LiveJournal does not 
have any gender information. 

Figure 3.4.1a shows the positive/negative 
chatter of each candidate based on the gender 
of the author. The unspecified gender authors 
have the same proportions as the Blogger net-
work and close to the distribution of candidate 
mentions in sentences (Figure 2.1.2a). Authors 
that specified themselves as male or female 
talked more about the presidential candidates, 
which could be because gender information is 
more abundant on MySpace and MySpace 
was shown to have more presidential chatter 
than normal. 

Males seem to have less positive/negative 
comments to say about Palin, and slightly 
more than everyone else in regards to Biden. 
On the presidential side, males talk much 
more about McCain than females do. Females 
predominately talk about Obama while almost 
not talking at all about Biden. Compared to 
males, females make more comments about 
Palin. 

 

Figure 3.4.1a: Positive/Negative 
Chatter By Gender 

 

 
 

Figure 3.4.1b shows each candidate’s 
FeelScore across gender. Similar to the net-
works case, Obama’s score seems to stay 
more level across gender than the other candi-
dates. Females are the most negative group 
towards Biden and McCain, which may or 
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may not be attributed to the two candidate’s 
older ages in comparison with Obama and Pa-
lin. The figure shows that the Republican tick-
et is most competitive against the Democrats 
in the male and unspecified groups while be-
ing far behind in the female group. 
 

 
3.4.2 Party Scores 
Figure 3.4.2a shows the positive/negative 
chatter distributions by gender. The data does 
not contain any noteworthy items. Most of the 
differences between genders are too close to 
definitely say anything. 

The FeelScores on the other hand are quite 
different. Figure 3.4.2b shows the FeelScores 
of each class across gender. When comparing 
males and females, males tend to be harsher 
across the board: all classes have a lower 
FeelScore from males than they do from 
females. Compared to authors that do not 
specify their gender, males and females have a 
much lower opinion of the Liberal class with 
the male FeelScore even going negative. 

Figure 3.4.2b shows that for all classes 
except Conservative, authors that specify their 
gender are more likely to rate the class lower 
than their unspecified gender counterparts. 
This difference is quite dramatic for the 
Liberal class while less dramatic for the 
Republican and Democrat classes. The result 
is counterintuitive because in general one 
would believe that anonymity enables 

bloggers to say more drastic and harsh 
comments. LiveJournal, which does not have 
a gender specification field in profiles, is 
definitely more negative than the other 
networks. Yet here, the act of specifying 
gender is strongly correlated with negativity 
(especially for the Liberal class). 

 

Figure 3.4.2a: Positive/Negative 
Chatter By Gender 

 

 
 

 

4 FeelScores Across Time 
Figures 4a, 4b, 4c, and 4d on the next page 
provide an overall view of each class’ FeelS-
core over time. We thoroughly examine these 
graphs in this section. 
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4.1 Effects of the 
National Conventions 

Figure 4.1a shows a close-up of Obama’s 
FeelScore curve during the Democratic Na-
tional Convention. The yellow dots mark the 
beginning and ending of the convention. Ob-
ama’s FeelScore exhibits a clear jump during 
the convention, with a gradual tapering off 
back to normal levels afterwards. This general 
behavior is often noted in the press as occur-
ring each presidential election around each 
party’s national convention. 

 

 
 

McCain’s curve does not exhibit the same 
profound trend, as shown in Figure 4.1b. 
While his curve does seem to have a slight lift 
at the end of the convention that slowly drops, 
it is not nearly as drastic as Obama’s. This 
may be in part due to the fact that the Repub-
licans limited the extravagance and overall 
size of their convention because of Hurricane 
Gustav. Hurricane Gustav was a category 
three storm that caused an estimated 1.9 mil-
lion people to evacuate the Louisiana coast. 
Due to the size of the hurricane, and especially 
in light of the result from Hurricane Katrina a 
few years ago, the Republicans did not want to 

be seen as throwing a party while an entire 
state is trashed by a hurricane. This resulted in 
many cancelled speeches and less media cov-
erage than usual. 

 

 
 

Despite Obama’s rise and fall trend seem-
ing reasonable, questions remain about how 
Obama’s FeelScore exhibits the trend. As a 
reminder, each FeelScore over time includes 
authors’ opinions stated previously in the year 
with an equal weight to authors expressing an 
opinion on the date that the FeelScore is for. 
Thus if an author expresses an opinion about 
Obama in April, we assume that the author’s 
opinion remains the same until the author 
again mentions Obama in a blog post (or lists 
an interest or joins a community related to 
Obama). For the calculation of say, August 
29’s FeelScore, this author’s opinion, which 
was stated in April, is given equal weight to a 
new author that stated his/her first opinion on 
August 29. 

This raises questions as to how Obama’s 
FeelScore exhibits this rise and then gradual 
fall back to a more normal level. Is the DNC 
causing authors to change their opinion about 
Obama, with these authors slowly lowering 
their opinion back to a normal level after the 
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excitement of the event has worn off? Are 
mostly new positive Obama authors joining in 
on the discussion for the first time during the 
DNC, with a pile of less positive Obama au-
thors joining in later to level out the overall 
opinion? Did the DNC cause a mass of Obama 
supporters to join while the RNC caused a 
mass of anti-Obama authors to join? If so, 
since the RNC happened after the DNC, did 
this cause Obama’s curve to behave the way 
that it does, and does this also explain why 
McCain’s curve is relatively flat? McCain’s 
curve does not drop during the DNC, so why 
would Obama’s curve gradually fall due to the 
RNC? 

4.1.1 New Authors 
We begin to tackle these questions by examin-
ing the opinions of new authors during the 
convention period. Figure 4.1.1a shows the 
number of new authors expressing opinions 
about Obama and McCain during each day 
from August 15 to September 15. The DNC 
and RNC are marked on the figure with yel-
low dots showing the beginning and ending of 
each convention. 

We see that the DNC causes more new au-
thors to state opinions about both candidates. 
Obama’s new author curve rises sharply dur-
ing the convention with a peak of 188 new au-
thors one day after the convention. His curve 
then sharply drops off as the RNC nears. 
McCain’s new author curve remains fairly un-
changed during the DNC, but spikes sharply 
near the end and on the day after the DNC. 
McCain actually receives more new authors 
and a higher FeelScore from new authors dur-
ing this period than he receives from the RNC. 
It is important to note that the day after the 
DNC is the day that McCain announced Palin 
as his choice for his ticket’s vice president. 

The RNC causes significantly less new au-
thors to join the discussion, presumably be-
cause of the scaling back of the RNC as dis-
cussed in Section 4.1. McCain barely beats 
Obama in the new author count during the 
RNC period. 

 
 

Figure 4.1.1b shows the average 
FeelScores of each candidate for these new 
authors. The FeelScore curves are a 3 day 
exponentially decreasing average with the 
previous day receiving a weight of 0.5 and the 
previous previous day receiving a weight of 
0.25. An important note to remember is that 
Obama’s overall Feelscore during this period 
is hovering around 0.4 (Figure 4.1a) while 
McCain’s is just above 0.2 (Figure 4.1b). 

Keeping this in mind, we see that the 
majority of new authors from the DNC period 
are rating Obama significantly higher (0.81 on 
the last day of the DNC) than his overall 
FeelScore of 0.4. Once the RNC begins, most 
new authors are rating Obama up to 0.2 below 
his overall FeelScore. This lower-rating trend 
starts on the opening day of the RNC 
(September 1) and continues through 
September 14 with the exception of one day. 
The data clearly shows that the DNC had a 
strong effect of bringing new authors into the 
blogosphere discussion that are supportive of 
Obama. The RNC cut Obama’s positive rating 
spree short. Obama’s more negative new 
authors during and after the RNC are in much 
smaller numbers than the postive new authors 
during the DNC period, which explains the 
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sharp rise in Obama’s overall FeelScore with a 
gradual drop afterwards to a more normal 
level. 

McCain’s new author FeelScore curve is 
quite erradic. He actually receives boosts and 
drops in most places that Obama receives the 
same positive or negative change. His new 
author rating is not negatively affected by the 
DNC, and is actually higher than normal 
during the run up to the RNC. The RNC does 
not seem to impress many, as McCain’s rating 
is actually at its lowest point one day into the 
convention. The RNC seems to be more 
successful at decreasing Obama’s rating rather 
than increasing McCain’s.  

 

 

4.1.2 Changing Opinions 
Aside from causing new authors to join the 
discussion, the conventions might also cause 
bloggers to change their opinions about the 
candidates. Figure 4.1.2a shows the number of 
authors that are changing their opinions about 
each candidate. A change of opinion does not 
mean a complete reversal of opinion (change 
in sign of the FeelScore). 

First, we see that far less authors change 
their opinion in comparison to new authors 
stating their opinion at any point in time. Far 

more authors are changing their opinion about 
Obama. The number of authors changing their 
opinion about Obama is largely influenced by 
the DNC and RNC (hence the giant mound). 
McCain’s curve is much more constant and 
does not seem to be affected by either conven-
tion. 

 

 
 

Figure 4.1.2b shows the average change of 
opinion as a 3 day exponential average with 
the same weights as in the previous section. 
Thus a value on the y-axis of 0.2 indicates 
that, on average, the authors during that day 
that changed their opinion increased their 
opinion of the given candidate by 0.2. We see 
that the DNC had a strong effect on Obama’s 
FeelScore with the majority of changed 
opinions during the period becoming more 
positive. This reaches a peak on the last day of 
the DNC. The RNC causes a small decrease in 
Obama’s FeelScore amongst changed-opinion 
authors, but is not nearly as effective at 
changing opinion as the DNC. 

The DNC and RNC seem to have only a 
small effect on McCain’s FeelScore. The 
change of opinion is slightly negative from 
August 21 through the DNC. The RNC gives 
McCain a slight boost into a positive change 
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of opinion. All peaks and valleys afterwards 
are unlikely to be due to the conventions since 
Obama and McCain’s curves both follow the 
same pattern. 

 

 

4.1.3 Overall Convention Effects 
We saw from Section 4.1.2 that the DNC con-
vention played a significant part in changing 
author’s opinions for the positive for Obama, 
but the conventions had little effect on both 
candidates in other regards. Both conventions 
clearly caused spikes in new authors express-
ing opinions, with the DNC having the largest 
effect. Obama’s rise in overall FeelScore dur-
ing the DNC is attributable to both a positive 
change in opinion of existing authors and a 
mass of positive new authors. His gradual de-
cline after the DNC is mostly attributable to 
negative new authors joining on or after the 
RNC. The decline is gradual in comparison to 
the rise because far less new authors are join-
ing the discussion each day during and after 
the RNC. 

McCain’s curve remains mostly constant 
during the convention period despite seeing 
spikes in new authors caused by both conven-
tions. Both conventions had almost no impact 
on changing opinions of existing authors to-

wards McCain. New authors showed a mixed 
bag, with higher than normal ratings during 
the run up to the RNC and lower than normal 
ratings during the RNC. This may be in part 
due to disappointment at the scaled back Re-
publican Convention due to Hurricane Gustav. 

4.2 Effects of the 
Presidential Debates 

Figure 4.2 shows each candidate’s FeelScore 
during the three presidential debates on Sep-
tember 26, October 7, and October 15 (each 
marked as yellow dots). We see that overall, 
the debates had little effect on each candi-
date’s FeelScore. Obama’s curve has a slightly 
positive slope while McCain’s has a slightly 
negative slope. Obama’s score remains around 
0.4 while McCain’s stays just above 0.2. 

 

 

4.2.1 New Authors 
Despite not affecting the overall FeelScores of 
each candidate, the debates were still success-
ful in spurring more authors to join the discus-
sion. Figure 4.2.1a shows the number of new 
authors expressing opinions about each candi-
date each day. We see that all three debates 
(marked again as yellow dots) form the center 
of mounds that are noticeably larger than other 
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peaks in the graph. Reflecting back on Figure 
4.1.1a, we see that the debates created far less 
new authors than the conventions. This is in 
part due to the fact that the debates happened 
later in the election season. 

 

 
 

Figure 4.2.1b shows FeelScores of the new 
authors during the debate period. Again, the 
curves are 3 day exponential averages with the 
same weights as before. McCain appears to 
have a dip during the first debate with a 
seesaw between the first and second debate 
that is most likely due to the small number of 
data points. The second debate, which was a 
town hall style debate (McCain’s “strength”), 
caused both candidates’ FeelScores with new 
authors to decline sharply. The third debate 
does not seem to have much effect on 
McCain, while it appears to take Obama into 
an upswing. 

Much of the data for Figure 4.2.1b is too 
sparse to draw any definitive conclusions 
from. If we only look at the three day period 
of each debate (one day before, and one day 
after), then we can at least draw some 
conclusions. For the first debate, all of 
Obama’s three data points are above his 
normal FeelScore of 0.4 while all of McCain’s 
are slightly below. Obama maintains the same 

trend for the other two debates, while McCain 
again slightly disappoints on the second 
debate. In the final debate, McCain is slightly 
above his normal of 0.2. 

 

 

4.2.2 Changing Opinions 
Figure 4.2.2 shows that almost none of the au-
thors changed their opinions during the de-
bates. The trend of both curves shows no sig-
nificant effect from any of the debates, and 
even if it did, we are talking about a maximum 
of 13 authors changing their opinion about a 
given candidate. By October 4, Obama had 
2,767 authors expressing an opinion while 
McCain had 2,023 authors. In light of this, we 
can conclude that the debates had almost no 
influence on existing authors’ opinions. 
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4.3 Effects of the Vice Presidential 
Debates 

We now turn our attention to the vice presi-
dential debate. The effects of the debate are 
quite small. Figure 4.3a and 4.3b show Biden 
and Palin’s FeelScores with the debate on 
September 2 marked as a yellow dot. We see 
that Biden’s FeelScore has a drop of 0.02 over 
the few days before the debate. This is most 
likely due to the general public’s pessimistic 
opinion that Biden would have a difficult time 
during the debate due to Palin’s inexperience 
and the fact that Biden could easily look like a 
bully. 

Palin’s FeelScore sees a slight bump on 
the day of the debate with a drop of around 
0.01 on the day after the debate. While both 
vice presidential candidates’ FeelScores seem 
to be affected by the debate, the effect was 
minimal. Neither candidate’s FeelScore 
changes more than 0.01 between successive 
days. The VP debate had an even smaller im-
pact on the presidential candidates’ FeelS-
cores. 

 

 
 

 

4.3.1 New Authors 
Figure 4.3.1a shows the number of new au-
thors expressing opinions about Biden and Pa-
lin around the vice presidential debate. Biden 
has a peak of new authors one day after the 
debate while every other day on the figure has 
less than 6 new authors. Palin’s curve also 
peaks on the day after the debate, but she also 
has a sizable mass of new authors on the two 
days before the debate and on the debate day. 

These new Palin authors from October 1 
through October 3 appear to be blogging in 
anticipation of a strong performance by Palin 
that would redeem her from her recent mis-
steps such as her Katie Couric interview on 
September 24. Figure 4.3.1b shows the aver-
age new author FeelScores (1 day average) for 
days where the candidate has at least 10 new 
authors. We see the new authors each day giv-
ing Palin a higher average FeelScore that 
peaks at 0.48 on the day of the debate. The 
day after the debate, which is also the day 
with the largest number of new Palin authors, 
her day’s new author FeelScore drops to 
0.063! This explains the slight peak in Figure 
4.3b as her overall FeelScore hovers around 
0.26. 
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Biden on the other hand only has more 
than 10 new authors on the day after the de-
bate, where his average FeelScore is 0.39. 
This average is slightly below his overall av-
erage of around 0.425, which indicates a mi-
nor overall opinion of underperforming at the 
debate. His performance appears to have been 
better than Palin’s though, since her day after 
FeelScore was 0.2 below her normal. Overall, 
this data suggests that while both candidates 
underperformed during the debate, Palin per-
formed much worse and can be deemed the 
loser. 

 

 
 

 

4.3.2 Changing Opinions 
The vice presidential debate period caused no 
existing author to change their opinion about 
Biden, while only five existing authors 
changed their opinion about Palin. Thus the 
slight changes in overall FeelScore due to the 
debates is almost entirely due to the new au-
thors joining the discussion on the day after 
the debate. 

4.4 Issues to Disregard Due to 
Limited Data 

In this section we examine two anomalies in 
the curves of Figure 4a that, after investiga-
tion, are due to not having enough data. The 
first such anomaly, shown in Figure 4.4.1a, is 
the bump in Biden’s FeelScore that does not 
seem to occur around any significant dates. 
The second, shown in Figure 4.4.2, is the 
strange behavior in Palin’s curve before she 
has a large number of authors stating opinions 
about her. 

4.4.1 Biden Bump 
The Biden Bump is shown in Figure 4.4.1a. 
His score abruptly jumps by 0.05, stays high 
for several days, and then drops by the same 
amount, remaining there for much of the fu-
ture. We found no news reports that coincided 
with the abrupt rise around September 4 and 
abrupt drop around September 11. 

Only five authors changed their opinion 
about Biden during this period. All five 
changed their opinion to -1, but each opinion 
change was at least 2 days apart. Thus, like all 
of our previous time series investigations, the 
bulk of FeelScore change must be due to new 
authors. 

Figure 4.4.1b shows the number of new 
Biden authors each day while Figure 4.4.1c 
shows the 1 day average FeelScores for these 
authors. Figure 4.4.1b has an obvious spike in 
new authors on September 4 with 23 new au-
thors. These 23 new authors have an average 
FeelScore of 0.87. Figure 4.4.1c shows that 
the new authors continue to have an average 
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FeelScore that is higher than the normal 0.45 
for a few days, before dropping dramatically 
down to -1 on September 11. 

On September 1, 202 authors have ex-
pressed an opinion about Biden. This small 
number of authors coupled with the lack of 
important news stories during the period 
strongly suggests that the Biden Bump is noth-
ing more than noise. The large spike in new 
Biden authors on September 4 is most likely 
due to Palin’s acceptance speech at the RNC 
the day before, with the new authors compar-
ing Biden to Palin. Examining the blog posts 
about Biden during this period shows that this 
is the case. 

 

 
 

 

 
 

4.4.2 Palin’s Intial FeelScore 
Palin’s FeelScore has a sharp increase on Sep-
tember 18 as shown in Figure 4.4.2. Just as 
with Biden’s Bump, this is due to a large 
number of new authors expressing an opinion 
about the candidate. In this case, 75 new au-
thors expressed a largely positive opinion 
(0.72 average) on September 18. The number 
of new authors in later days in the figure is 
around 10, so Palin’s FeelScore does not 
change as abruptly after the 18th. 
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4.5 By Blog Network 
We restrict our study of blog networks to 
LiveJournal and Blogger, since all other 
networks have significantly less data. In this 
blog network study we only consider opinions 
expressed in blog posts and do not include 
interests or communities because between the 
two networks LiveJournal contains 97% of all 
interests and 100% of communities about a 
class. Thus to level the playing field we only 
consider blog-based opinions. 

Figure 4.5a shows the number of authors 
from each network that have expressed an 
opinion about a class in at least one of their 
blog posts. We see that the author counts are 
almost equal between the two networks. 
Figure 4.5b shows the overall FeelScore of 
both networks. LiveJournal appears to be 
more positive overall for much of the year, but 
once both networks start to have exponential 
growth in authors with opinions (around 
July/August), LiveJournal’s overall FeelScore 
drops while Blogger’s rises significantly. 
After both curves appear to have leveled off 
(around September), the curves are around 
0.19 away from eachother with LiveJournal 
significantly more negative than Blogger. 
 

 
 

 
 

Splitting the author counts of Figure 4.5a 
by class reveals few significant differences be-
tween the networks. As the election nears a 
gap of 70 more authors expressing opinions 
about Democrats appears with Blogger having 
more authors. A gap of 120 authors expressing 
opinions about McCain and Palin also appears 
with LiveJournal having more authors. All 
other curves remain roughly equal between 
the two networks. 

4.5.1 National Conventions 
Figure 4.5.1a shows Obama and McCain’s 
FeelScores by network with the solid lines be-
ing Blogger’s curves. Blogger appears to be a 
more balanced network in that Obama and 
McCain’s curves are close to each other (less 
than 0.1 away). LiveJournal on the other hand 
is largely supportive of Obama with a gap of 
0.17. At the same time, LiveJournal is more 
pessimistic, with its Obama FeelScore below 
both candidates’ FeelScores from Blogger. 
The difference in opinion between networks is 
largest with McCain. McCain’s gap between 
the two networks settles down to 0.22 while 
Obama’s levels off to 0.12. 

Figure 4.5.1b shows Obama’s curves dur-
ing the Democratic National Convention. Ob-
ama receives a boost of around 0.046 during 
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the DNC from both networks, but LiveJour-
nal’s authors exhibit the graduate drop in 
FeelScore afterwards while Blogger’s authors 
are much more flat. Obama’s Blogger curve 
was also on an upswing going into the DNC 
while LiveJournal’s was on a downward trend. 
A glance back at Figure 4.5.1a shows that af-
ter the curves flatten after the DNC, the Blog-
ger curve has lost roughly half of the gain 
brought by the DNC while the LiveJournal 
curve has lost all of the gain. 

Figure 4.5.1c shows McCain’s curves dur-
ing the Republican National Convention. Both 
networks show no change during the conven-
tion, but Blogger’s authors have a rising opi-
nion of McCain immediately after the conven-
tion while LiveJournal’s authors remain flat. 
Figure 4.5.1a shows the difference more dra-
matically, with Blogger’s reaction to the RNC 
being the last large mound before McCain’s 
solid curve becomes flat while LiveJournal 
shows no reaction with a flat dotted curve 
from September 1 through October. 

These graphs suggest that authors on 
Blogger are more receptive to the conventions 
while LiveJournal’s authors either do not pay 
attention to the conventions at all or quickly 
forget any positive opinions brought about by 
the conventions. 

 

 

 

 
 

 

4.5.2 McCain and Palin 
A glance at McCain and Palin’s FeelScores in 
Figure 4.5.2 shows that while the networks 
differ by more than 0.2 on their FeelScores, 
each network individually rates McCain and 
Palin about the same. LiveJournal’s opinions 
are closest to each other with the network’s 
McCain and Palin curves being almost iden-
tical in October. Blogger’s opinions level off 
with Palin ahead of McCain by around 0.08. 
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This trend is not exhibited in the Obama 
and Biden curves. Both networks have a Bi-
den FeelScore of around 0.41 while the Ob-
ama curves differ as shown in Figure 4.5.1b. 

 

 
4.5.3 The Parties 
The busy graph of Figure 4.5.3 shows that 
Blogger authors mostly talk negatively about 
the Liberal class while LiveJournal authors 
talk negatively about all classes but Republi-
cans. Amongst the Blogger curves the Repub-
lican, Democrat, and Conservative classes are 
all within 0.1 of each other while the Liberal 
class is at least 0.2 below the others. The Li-
veJournal curves show a different trend with 
the Democrat, Liberal, and Conservative 
classes all within 0.1 of each other and the 
Republican class 0.1 to 0.2 above the others. 

4.6 By Gender 
We now move to examining how opinions 
change with gender. In this section we restrict 
our data to the Blogger and MySpace net-
works because LiveJournal does not contain 
gender data. Figure 4.6a shows the number of 
authors by gender with opinions about at least 
one class. Three times as many authors with a 
specified gender are male rather than female. 

 
 

With respect to the four candidates, fe-
males are vastly more negative as shown in 
Figure 4.6b. Each curve is the average FeelS-
core amongst the Obama, McCain, Biden, and 
Palin classes. Once the averages level off, the 
female curve is 0.15 below the male curve and 
0.2 below the unspecified curve. The unspeci-
fied gender authors are consistently the most 
positive bloggers. 

The average FeelScores amongst the Re-
publican, Democrat, Liberal, and Conservative 
classes are quite different, as Figure 4.6c de-
picts. As usual, unspecified gender authors are 
the most positive. After all three curves stop 
shifting, the female curve is 0.15 above the 
male curve. Thus females are far harsher in re-
spect to the candidates while males are much 
more harsh in respect to the parties and gene-
ralizations such as liberal and conservative. 

Individual comparisons of various classes 
do not reveal any new trends. The low FeelS-
core of the male curve in Figure 4.6c is entire-
ly due to the Liberal class, which stays around  
-0.1 for the entire time frame. 
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4.7 By Age 
We separated authors into age groups of 19 to 
29, 30s, 40s, 50s, and 60+. Unfortunately, ge-
nerating FeelScores over time by age produces 
unusable results due to data sparseness. Most 
of the classes have less than 100 authors with 
opinions in each age group with many classes 
only having one or two age groups with at 
least 40 authors. In this section we highlight a 
few cases where we have enough data to see 
interesting trends. 

4.7.1 Political Age Ranges 
More younger authors state their opinions on 
blogs than older authors, as shown in Figure 
4.7.1a. The data points indicate the author 
count before the comma and percentage after 
the comma. The proportions are definitely re-
lated to the author counts for each age range 
amongst all bloggers. Figure 4.7.1b shows the 
author counts for all bloggers (irrespective of 
if they have an opinion about a class). 

The data shows that young people, while 
making up a large proportion (70%) of all 
bloggers, do not talk proportionally as much 
about politics as other age groups. This causes 
the 19 to 29 age group to only make up 51% 
of authors with opinions about at least one 
class. Much of this drop is transferred to the 
older age groups with 2% going to 30s, 8% 
going to 40s, 5% going to 50s, and 4% going 
to 60+. 
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4.7.2 The Parties 
Figure 4.7.2 shows the average FeelScore 
across the Republican, Democrat, Liberal, and 
Conservative classes by age range. Interes-
tingly, the youngest age range of 19 to 29 are 
most positive about these generic classes with 
a FeelScore of 0.3. All other age groups agree 
with each other around 0.2. 

 

 

4.7.3 The Candidates 
We see a completely different trend when 
looking at candidates. As Figure 4.7.3 shows, 
amongst the candidates the 19 to 29 age range 
is the most negative. As an author’s age in-
creases, the author’s expected FeelScore aver-
aged across the candidates increases, with the 
exception of the 60+ range which ruins the 
otherwise delightful trend. 

 

 

4.7.4 Older Authors Like McCain 
Only three age ranges had more than 40 au-
thors with an opinion about McCain. By Oc-
tober 25, the age ranges 19 to 29, 30s, and 40s 
had author counts of 215, 104, and 75 respec-
tively. Figure 4.7.4 shows the FeelScores of 
these age groups. This stair stepping trend ex-
hibits the exact opposite behavior with the 
Liberal class as shown in Section 4.7.6. 
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4.7.5 Everyone Likes Obama 
Obama’s FeelScores across age do not exhibit 
the stair stepping trend. By October 25, the 
age ranges 19 to 29, 30s, 40s, and 50s had au-
thor counts of 334, 127, 101, and 41 respec-
tively. As Figure 4.7.5 shows, both young and 
old people like Obama more than McCain, 
and there is no distinct trend of younger or 
older authors liking Obama more. 

 

 

4.7.6 Liberals, Liberals, Liberals 
Figure 4.7.6a shows the number of authors in 
each age range that have stated an opinion 
about the Liberal class on or before October 
25. The data values indicate the count before 
the comma and the percentage after the com-
ma. Only three age ranges had at least 40 au-
thors with an opinion about the class with the 
19 to 29 age range having far more authors 
than the 30s and 40s age ranges. 

Figure 4.7.6b shows the FeelScores of 
these age ranges with respect to the Liberal 
class. Interestingly, we see a decrease of 
around 0.27 in FeelScore as we move from 
left to right. The youngest age group is quite 
positive about the Liberal class, while the 30s 
age group is only somewhat positive and the 
40s age group is close to neutral. Even though 
none of the age groups has an overall negative 
feeling of the class, in comparison to all other 
FeelScores that we have seen thus far, the 40s 
age group appears to be quite negative to-
wards the Liberal class. 

 

 
 

 

5 Friend Networks 
Our data contains limited friend information 
for the LiveJournal network. We extracted all 
of the friend links between bloggers that have 
expressed an opinion about at least one of the 
classes. For each blogger, we summed the 
blogger’s FeelScores for all classes that the 
blogger has an opinion on, with the FeelS-
cores for the McCain, Palin, Republican, and 
Conservative classes multiplied by -1. We 
then marked bloggers with a positive sum as 
Democrats and bloggers with a negative sum 
as Republicans. 
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Using only bloggers that have expressed 
an opinion through their blog (not through list-
ing interests or joining communities), there are 
523 Democrats and 620 Republicans that are 
friends with at least one other blogger with an 
opinion. These 1,143 authors have 1,575 mu-
tual links between each other. 

One might expect the authors to largely 
stay within their own groups, with Democrats 
befriending Democrats and Republicans be-
friending Republicans. We found the opposite 
to be the case. 64% of all mutual links are be-
tween a Democrat and a Republican, 23.6% 
are between two Democrats, and 12.4% are 
between two Republicans. Interestingly, even 
though the data contains 1.19 Republicans for 
every Democrat, there are almost twice as 
many Democrat-Democrat links as there are 
Republican-Republican links. 

The majority of these bloggers are friends 
with only one other political blogger in the 
network. The percentage of political bloggers 
that have a given number of political blogger 
friends follows a power law as shown in Fig-
ure 5a. Comparing the frequencies of frequen-
cies with respect to Republicans and Demo-
crats, we see that Democrats are slightly more 
likely to have more political blogging friends, 
as shown in Figure 5b. 
 

 
 

While 64% of all links are cross-ideology 
links, using a macro-average, for any given 
blogger in the group 50.9% of the blogger’s 
friends are of the same ideology. Here, for 
each blogger we are calculating the percentage 
of political blogger friends that have the same 
ideology as the blogger. We then average 
these percents to reach 50.9%. Using this me-
tric, Republicans are slightly more likely to be 
friends with Republicans (51.7%) than Demo-
crats are likely to be friends with Democrats 
(49.9%). Of course, this difference is small 
enough that it may simply be due to the fact 
that there are 100 more Republicans in the 
group than Democrats. 

 

 
 

Figure 5c shows a visualization of the 
friend network consisting of all political 
bloggers on the LiveJournal network that are 
friends with at least one other political 
blogger. Green lines indicate a Democrat-
Republican friendship, red lines indicate a 
Republican-Republican friendship, and blue 
lines indicate a Democrat-Democrat 
friendship. We see that the majority of authors 
are connected to each other in some way. The 
isolated groups are shown at the bottom of the 
figure, with most of these groups having a size 
of two. 
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6 Comparison with Poll Data 
We had hoped to match poll data as well as 
the actual election results with our data around 
election time. Since we only have data up to 
October 28, we are limited in our analysis op-
tions. 

6.1 National Convention 
Figure 6.1a shows averages of nation-wide 
polls compiled by electoral-vote.com during 
the Democratic and Republican National Con-
ventions. The start and end of each candi-
date’s national convention is marked as yel-
low dots. Both candidates show a spike in 
popularity due to their respective convention, 
and both spikes are followed by a gradual de-
cline. While our FeelScores do not exhibit 
these exact trends, Obama’s curve follows the 
rise and gradual fall trend, as seen in Figure 
6.1b. 

 
 

 

6.2 Election Popular Vote 
Obama received 53% of the popular vote in 
the election on November 4 while McCain re-
ceived 46%. Since we only have blog data up 
to October 28, we used all bloggers’ opinions 
on October 28 to calculate the expected popu-
lar vote percentage for each candidate. 

To determine which candidate an author 
will vote for, we sum the FeelScores for all 
classes that the author has expressed an opi-
nion about, with the McCain, Palin, Republi-
can, and Conservative FeelScores inverted 
(multiplied by -1). We then divide the sum by 
the number of classes that the author has ex-
pressed an opinion about. Thus our final score 
is a number between -1 and 1 where a number 
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greater than 0.1 indicates a vote for Obama, a 
number less than -0.1 indicates a vote for 
McCain, and a number between -0.1 and 0.1 
indicates an undecided voter. 

We calculate this score for every blogger 
and assign half of the undecided authors to 
Obama and half to McCain. At the end, we 
have mapped all political bloggers to a vote 
for Obama or McCain, and can calculate a 
popular vote estimate for each candidate. Ta-
ble 6.2 shows the result of this process using 
the blog-based FeelScores for each author. 

The result for each row is generated from 
a sum of the FeelScore classes listed in the 
row’s first column. In each instance, all 
classes are given equal weight. Our closest re-
sult to the 53%/46% in the actual election is 
when summing the FeelScores for the presi-
dential and vice presidential candidates, which 
is within one point of the true outcome. 

As we add more classes, the popular vote 
shifts closer towards McCain but never gives 
McCain a majority. This shifting to McCain is 
due to the generally more negative blog-based 
FeelScores for the Liberal and Democrat 
classes. When including the vice presidential 
candidates, the drop is due to the fact that al-
most no one has an opinion about Biden while 
many authors have an opinion about Palin, 
and most of the opinions are positive. 

 

Table 6.2: Popular Vote 

Classes Used Obama McCain # of 
Authors 

Obama 
McCain 56.5% 43.4% 3,790 

Obama-Biden 
vs. 

McCain-Palin 
53.6% 46.4% 4,470 

Obama-Biden-
Democrat 

vs. 
McCain-Palin-

Republican 

51.8% 48.2% 5,217 

Obama-Biden-
Democrat-Liberal 

vs. 
McCain-Palin-

Republican-
Conservative 

51.2% 48.8% 5,832 

6.3 Election Exit Polls 
Table 6.3a shows CNN exit poll results by 
gender, as well as our own predictions for au-
thors that have listed their gender. Our predic-
tions use the Obama, McCain, Biden, and Pa-
lin classes with equal weights in the sum for 
each author. Our female prediction is within 
one point of CNN’s exit poll while our male 
prediction is overoptimistic for Obama. 

Table 6.3b shows CNN exit poll results by 
age with our predictions using the same 
classes and weights as before. In this case, our 
predictions are not nearly as close to the exit 
poll data. Our data still has the same trend as 
the exit polls with younger people preferring 
Obama while older people are more neutral or 
slightly towards McCain. 

 
Table 6.3a: Exit Polls by Gender 

 

CNN Exit Poll Results 
Gender Obama McCain # Polled 
Female 56% 44% 9,453 
Male 51% 49% 8,740 

 

Predicted Results 

Gender Obama McCain # of 
Authors 

Female 55.4% 44.6% 261 
Male 54.1% 45.9% 636 

 
Table 6.3b: Exit Polls by Age 

 

CNN Exit Poll Results 
Age Obama McCain # Polled 

18 to 29 67% 33% 3,210 
30 to 44 53% 47% 5,083 
45 to 64 50% 50% 6,689 

65+ 46% 54% 2,854 
 

Predicted Poll Results 

Age Obama McCain # of 
Authors 

18 to 29 60.4% 39.6% 476 
30 to 44 56.8% 43.2% 294 
45 to 64 57.0% 43.0% 135 

65+ 33.3% 67.7% 36 
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7 Conclusion 
In this project we investigated political blog-
ging during the 2008 presidential election. Our 
work spans a vast array of individual topics 
and avenues that together paint an interesting 
picture of the political blogging environment 
during the elections. We uncovered many 
trends that seem reasonable to most people, 
such as positive opinions of liberalism declin-
ing with age, the popularity of McCain in-
creasing with age, and the rise and gradual de-
cline of candidate opinions during each candi-
date’s national convention. Our data also 
shows many other interesting points, such as 
Palin losing the vice presidential debate, the 
presidential debates not changing anyone’s 
opinion, and females having the harshest opi-
nion of the candidates while males have the 
harshest opinion of the parties. Overall, we 
have shown that while user-generated content 
such as blogs can be difficult to extract usable 
data from, data mining from blogs is entirely 
possible and can provide data that correlates 
well with real-world polls and other results. 
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Appendix 2.1.1.1 
 

Word Synonyms 
     

 
 
 
 
 

Bad 
abject abominable aching adverse afflicted agonising agonizing ailing 
annoying ass asshole assholes atrocious awful awkward bad 
bitch bitches blows boring bummer cock cocks cocky 
communist communists confusing crappy crummy cunt cunts deplorable 
detestable dick dicks dire direful dirty disaster disastrous 
disfigured distressing dizzy douchebag dreadful dumb dumbass dumbasses 
dummies dummy emo evil excruciating execrable fag fail 
failure failures faulty flop foolish fucker fuckers grimy 
grotesque hapless harrowing hate hateful hideous horrendous horrible 
horrid horrific horrifying icky idiot idiots ignorant ill 
ill-fated ill-omened ill-starred inauspicious inferior jerk jerks lame 
lamentable liar liars looser loosers loser losers lousy 
low-grade mean mediocre miserable misfortunate mistake monstrous moron 
morons n00b n00bs nasty nauseated negative newbie newbies 
noob noobie noobies noobs odious outclassed overated overrated 
painful pathetic piteous pitiable pitiful pointless poor pussies 
pussy racist regretful reject repulsive retarded retarted ridiculous 
rotten rubbish sad second-rate shitty shoddy sick sickish 
sickly sleazy sorrowful sorry stinking stinky stupid subordinate 
suck sucks suffering sux tards terrible tired tool 
torturesome torturing torturous traiter traiters traitor traitors troubled 
troubling ugly underprivileged unfavorable unfavourable unfortunate unhappy unlovely 
unpleasant useless wack wacks weak wierd woeful worse 
worst worthless wrenching wretched wrong 

 
 
 
 
 
 

Good 
abounding abundant acceptable ace adequate admirable amazing ample 

angelic angelical appealing astonishing astounding 
awe-
inspiring awesome beatific 

beautiful best better bomb brilliant captivating charming comforting 
cool courageous crazy dandy dank dazzling decent delicious 
delightful dominant dominating dope dramatic elegant eminent enchanting 
enjoyable enormous enthralling entrancing epic exalted exceeding excellent 
exceptional expansive extraordinary fab fabulous fantabulous fantastic fantastical 
fascinating favorable favourable fine first-class first-rate flourishing fly 
formidable fresh gallant generous glorious gnarly golden good 
goodish goodly gorgeous grand gratifying great greatest groovy 
healthy heroic high-grade high-ranking honorable hot illustrious impeccable 
impressive incredible leading lofty love lovely magnificent majestic 
marvellous marvelous nice notable noteworthy o.k. okay olympian 
optimal optimum outstanding paramount perfect phat pimp pleasant 
pleasing pleasurable positive preeminent premier premium presentable prime 
prize prizewinning prominent prosperous rad raw remarkable renowned 
reputable respectable respected resplendent righteous riveting sainted saintlike 
saintly satisfactory satisfying significant soaring sophisticated spectacular splendid 
splendiferous staggering stellar striking stunning sufficient super superb 
superior supreme surpassing sweet swell terrific thundering tight 
top-grade top-notch topnotch towering tremendous ultimate unbelievable upper-level 
wicked wickid wonderful wondrous 
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Skip Words 
! \" ' '' ( ) + , 
- -lrb- -rrb- . : ; = ? 
[ ] `` a absolutely accidentally actually after 
again all almost already always an basically bit 
briefly certainly completely confidentially consequently definitely during economically 
enough especially ever every exceedingly extremely fairly far 
finally fortunately frankly frequently fully furthermore generally highly 
honestly ideally incidentally intentionally just kinda last later 
less little lot luckily many more most mostly 
much nearly nevertheless next normally now obviously occasionally 
officially often once only particularly personally possibly potentially 
presumably probably purely purposely quite rather recently regularly 
seriously several similarly slightly sometimes soon sooner still 
surely surprisingly tad theoretically today tomorrow tremendously typically 
undoubtedly unfortunately usually very yesterday yet { } 

 
 
 
 
 

Is 
are ‘s is 

 

Not 
n't not 

 

Plans 
plan plans policies policy 

 

I 
i we 

 

Am 
'm am 

 

 
 
 
 
 
 
 
 

Feeling Indicators 
 

As detailed in Section 2.1.1.1: “To limit the amount of definitions we must maintain, all phrases 
that contain “good” or “bad” are only defined in the negative list. When reading the lists from 
disk, we automatically add the opposite of the phrase to the positive list.” 

 

Negative Feeling Indicators 
:is: :bad: :bad: :plans: :plans: :bad: :plans: :is: :bad: 
the :not: :good: :bad: experience experience :bad: experience :is: :bad: 
:i: do :not: agree :i: :bad: :an: :bad: :is: inexperienced 
:i: can :not: stand this :bad: what :bad: such :bad: 
:plans: :is: :not: :good: :not: :good: :not: :good: :plans: the :bad: 
no experience lacks experience experience :is: lacking :i: disagree 
:i: will :not: vote :i: :am: :not: voting :i: :am: tired of :i: cannot stand 
:i: can :not: agree :i: can :not: support :i: do :not: want 

 

Positive Feeling Indicators 
has experience :is: experienced :i: agree :i: do agree 
:i: will vote :i: :am: voting for prez for president 
:i: support :i: do support :i: donated :i: donate 
:good: speaker :i: :am: donating 

 
 
 
 
 
 



[37] 

Class Names 
 

Obama 
obama gobama nobama senator of illinois 
senator from illinois illinois senator democrat president democrat presidential 

democratic president democratic presidential 
 

 

McCain 
mccain mcsame mclame republican president 
republican presidential arizona senator senator of arizona senator from arizona 

 

Biden 
biden democrat vp democrat vice president democrat vice presidential 

democratic vp democratic vice presi-
dent 

democratic vice presiden-
tial delaware senator 

senator of delaware senator from delaware 
 

Palin 
palin alaskan governor governor of alaska alaska governor 
republican vp republican vice president republican vice presidential 

 

Republicans 
republican republicans repub repubs 

 

Democrats 
democrat democrats dem dems 

 

Liberals 
liberals liberal libs 

 

Conservatives 
conservatives conservative 

 


