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1.  Growth of social media data 
•  Facebook, LinkedIn, Twitter, Blogs, Customer 

reviews from online shopping websites, etc. 

2.  Data analysis helps make informed 
decisions 

•  Social network analysis(community detection, 
friend recommendation, etc.) 

•  Social media text analysis(review summarization, 
review sentiment identification) 

3.  An ensemble method to identify 
sentiment of social media data 

Introduction 
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Problem description: given a sentence, we 
classify it into one of three categories(Positive, 
Negative, Neutral). 

•  Positive: directly or indirectly praise something, 
e.g. “I love it! (^_^)” 

•  Negative: directly or indirectly criticize something, 
e.g. “We don’t like it at all. L” 

•  Neutral: No sentiments, or express a truth. e.g. 
“The president should take that action.” 

Introduction(cont’d) 
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SES Architecture 

System Description 
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1.  Remove hyperlinks(http://, https://, ftp://, 
etc.) 

2.  Correct spellings(e.g. luv=>love) 
3.  Split long messages into sentences 
4.  POS: tag part-of-speech(adj, adv, noun, 

verb, etc.) 

Text Pre-processing 
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Compositional semantic rules(CSR) 

Individual Algorithms 

Table I: Compositional semantic rules

Rules Example
1. Polarity(not [arg1]) = ¬polarity(arg1) not [bad]{arg1}
2. Polarity([VP1] [NP1]) = Compose([VP], [NP]) [destroyed]{VP} the [terrorism]{NP}
3. Polarity([VP1]to[VP2]) = Compose([VP1],[VP2] [refused]{VP1} to{to} [deceive]{VP2} the man
4. Polarity([ADJ]to[VP1]) = Compose([ADJ],[VP1]) unlikely]{ADJ} to{to} [destroy]{VP} the planet
5. Polarity([NP1]in[NP1]) = Compose([NP1],[NP2]) [lack]{NP1} offing [crime]{NP2} in rural areas
6. Polarity([NP1] [VP1]) = Compose([VP1],[NP1]) crime]{NP1} has [decreased]{VP1}
7. Polarity([NP1]be[ADJ]) = Compose([ADJ],[NP1]) [damage]{NP1} is{be} [minimal]{ADJ}
Our Rules Example
8. Polarity([NP1]in[VP1]) = Compose([NP1],[VP1]) lack]{NP1} offing killing{VP1} in rural areas
9. Polarity(as[ADJ]as[NP]) = if(polarity(NP) !=0: return polarity(NP),
else: return polarity(ADJ) as{as} ugly{ADJ} as{as} a rock{NP}
10. Polarity(not as[ADJ]as[NP]) = -polarity(ADJ) that was not{not} as{as} [bad]{ADJ1} as the original]{NP2}
11. If the sentence contains ‘but’, disregard all previous sentiment
only take the sentiment of the sentence after ‘but’ and I’ve never liked that director, [but] I loved this movie.
12. If the sentence contains ‘despite’,
only the sentiment in the previous part of the sentence is counted. I love that movie, despite the fact that I hate the director.

Table II: The compose function is used to derive the polarity of an expression. The table lists the Compose function used
in [1]. Compose2 is our version of the Compose function

if(arg1) is a negator then ¬polarity(arg2)
Compose(arg1,arg2) else if (Polarity(arg1) == Polarity(arg2)) then Polarity(arg1)

else the majority polarity of data
if arg1 is negative:

if arg2 is not neutral: return : polarity(arg2)
Compose2(arg1,arg2) else: return -1

else if arg1 is positive and arg2 is not neutral: return polarity(arg2)
else if polarity(arg1) equals polarity(arg2): return 2 polarity(arg1)
else if (arg1 is positive and arg2 is neutral) or (arg2 is positive and arg1 is neutral):

return polarity(arg1) + polarity(arg2)
else:return 0

2) Numeric Sentiment Identification Algorithm: To
calculate the numerical degree of sentiment, there are two
major problems to solve: 1) how to associate numeric
scores with degree of textual sentiment; 2) how to combine
all the scores of multiple words for one sentence. In this
section, we will describe these in details.

Definition of Strength of Sentiment The approach
hypothesizes that there are two kinds of phrase that
can associate with numerical scores: adverb-adjective-
noun(abbreviated as AAN) and verb-adverb(VA) phrase. For
example, “a very good question” is the AAN type and “do
not like it very much” is the VA type. Based on this, the
key point is to define the strength of sentiment of words for
each phrase. There have been studies on building sentiment
lexicons to define the strength of word sentiment. Esuli
and Sebastiani [28] constructed a lexical resource, Senti-
WordNet, a WordNet-like lexicon emphasizing sentiment
orientation of words and providing numerical scores of how
objective, positive, and negative these words are. However,
lexicon-based methods can be tedious and inefficient and
may not be accurate due to the complex cross-relations in
dictionaries like WordNet. Jing and Seneff’s approach [4]
to sentiment scoring is to make use of collective data such

as user star ratings in reviews. It assumed that user star
rating is normally consistent with the tone of the review
text published by the same user. Our method is similar to
this. But we argue that the sentiment scores are not only
associated with user star ratings but also word appearance
frequency. By associating user star ratings and frequency
with each phrase extracted from review texts, we can easily
associate numeric scores with textual sentiment. For both
adjective and adverb-adjective phrase, we average its star
ratings given by 1:

Score(w) =

P
i2P

nri
N rifriP

ri

nri
N fri

(1)

where P represents the set of appearances of word w, fri is
the appearance frequency in each entities, ri represents the
associated user rating in each appearance of w, N represents
the number of entities (e.g., company) in the entire data set,
and fri represents the number of entities with star rating ri.
The score is averaged over all appearances, weighted by the
frequency count for removing bias towards any words. We
take the first AAN phrase as an example and we consider
the noun words are objective without sentiment. For the VA
phrase, we can calculate the scores in the same way. Table III
shows the calculated scores of some adjective words.

Based on [4], for each adverb, we get a list of all



McCormick 
Northwestern Engineering 

  

7 

Electrical Engineering & Computer Science 

CSR(cont’d) 

Table I: Compositional semantic rules

Rules Example
1. Polarity(not [arg1]) = ¬polarity(arg1) not [bad]{arg1}
2. Polarity([VP1] [NP1]) = Compose([VP], [NP]) [destroyed]{VP} the [terrorism]{NP}
3. Polarity([VP1]to[VP2]) = Compose([VP1],[VP2] [refused]{VP1} to{to} [deceive]{VP2} the man
4. Polarity([ADJ]to[VP1]) = Compose([ADJ],[VP1]) unlikely]{ADJ} to{to} [destroy]{VP} the planet
5. Polarity([NP1]in[NP1]) = Compose([NP1],[NP2]) [lack]{NP1} offing [crime]{NP2} in rural areas
6. Polarity([NP1] [VP1]) = Compose([VP1],[NP1]) crime]{NP1} has [decreased]{VP1}
7. Polarity([NP1]be[ADJ]) = Compose([ADJ],[NP1]) [damage]{NP1} is{be} [minimal]{ADJ}
Our Rules Example
8. Polarity([NP1]in[VP1]) = Compose([NP1],[VP1]) lack]{NP1} offing killing{VP1} in rural areas
9. Polarity(as[ADJ]as[NP]) = if(polarity(NP) !=0: return polarity(NP),
else: return polarity(ADJ) as{as} ugly{ADJ} as{as} a rock{NP}
10. Polarity(not as[ADJ]as[NP]) = -polarity(ADJ) that was not{not} as{as} [bad]{ADJ1} as the original]{NP2}
11. If the sentence contains ‘but’, disregard all previous sentiment
only take the sentiment of the sentence after ‘but’ and I’ve never liked that director, [but] I loved this movie.
12. If the sentence contains ‘despite’,
only the sentiment in the previous part of the sentence is counted. I love that movie, despite the fact that I hate the director.

Table II: The compose function is used to derive the polarity of an expression. The table lists the Compose function used
in [1]. Compose2 is our version of the Compose function

if(arg1) is a negator then ¬polarity(arg2)
Compose(arg1,arg2) else if (Polarity(arg1) == Polarity(arg2)) then Polarity(arg1)

else the majority polarity of data
if arg1 is negative:

if arg2 is not neutral: return : polarity(arg2)
Compose2(arg1,arg2) else: return -1

else if arg1 is positive and arg2 is not neutral: return polarity(arg2)
else if polarity(arg1) equals polarity(arg2): return 2 polarity(arg1)
else if (arg1 is positive and arg2 is neutral) or (arg2 is positive and arg1 is neutral):

return polarity(arg1) + polarity(arg2)
else:return 0

2) Numeric Sentiment Identification Algorithm: To
calculate the numerical degree of sentiment, there are two
major problems to solve: 1) how to associate numeric
scores with degree of textual sentiment; 2) how to combine
all the scores of multiple words for one sentence. In this
section, we will describe these in details.

Definition of Strength of Sentiment The approach
hypothesizes that there are two kinds of phrase that
can associate with numerical scores: adverb-adjective-
noun(abbreviated as AAN) and verb-adverb(VA) phrase. For
example, “a very good question” is the AAN type and “do
not like it very much” is the VA type. Based on this, the
key point is to define the strength of sentiment of words for
each phrase. There have been studies on building sentiment
lexicons to define the strength of word sentiment. Esuli
and Sebastiani [28] constructed a lexical resource, Senti-
WordNet, a WordNet-like lexicon emphasizing sentiment
orientation of words and providing numerical scores of how
objective, positive, and negative these words are. However,
lexicon-based methods can be tedious and inefficient and
may not be accurate due to the complex cross-relations in
dictionaries like WordNet. Jing and Seneff’s approach [4]
to sentiment scoring is to make use of collective data such

as user star ratings in reviews. It assumed that user star
rating is normally consistent with the tone of the review
text published by the same user. Our method is similar to
this. But we argue that the sentiment scores are not only
associated with user star ratings but also word appearance
frequency. By associating user star ratings and frequency
with each phrase extracted from review texts, we can easily
associate numeric scores with textual sentiment. For both
adjective and adverb-adjective phrase, we average its star
ratings given by 1:

Score(w) =

P
i2P

nri
N rifriP

ri

nri
N fri

(1)

where P represents the set of appearances of word w, fri is
the appearance frequency in each entities, ri represents the
associated user rating in each appearance of w, N represents
the number of entities (e.g., company) in the entire data set,
and fri represents the number of entities with star rating ri.
The score is averaged over all appearances, weighted by the
frequency count for removing bias towards any words. We
take the first AAN phrase as an example and we consider
the noun words are objective without sentiment. For the VA
phrase, we can calculate the scores in the same way. Table III
shows the calculated scores of some adjective words.

Based on [4], for each adverb, we get a list of all
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Individual Algorithms(cont’d) 
Numeric sentiment identification(NSI) 
Strength of sentiment words: the sentiment scores are 
not only associated with user star ratings but also word appearance 
frequency. 

Table I: Compositional semantic rules

Rules Example
1. Polarity(not [arg1]) = ¬polarity(arg1) not [bad]{arg1}
2. Polarity([VP1] [NP1]) = Compose([VP], [NP]) [destroyed]{VP} the [terrorism]{NP}
3. Polarity([VP1]to[VP2]) = Compose([VP1],[VP2] [refused]{VP1} to{to} [deceive]{VP2} the man
4. Polarity([ADJ]to[VP1]) = Compose([ADJ],[VP1]) unlikely]{ADJ} to{to} [destroy]{VP} the planet
5. Polarity([NP1]in[NP1]) = Compose([NP1],[NP2]) [lack]{NP1} offing [crime]{NP2} in rural areas
6. Polarity([NP1] [VP1]) = Compose([VP1],[NP1]) crime]{NP1} has [decreased]{VP1}
7. Polarity([NP1]be[ADJ]) = Compose([ADJ],[NP1]) [damage]{NP1} is{be} [minimal]{ADJ}
Our Rules Example
8. Polarity([NP1]in[VP1]) = Compose([NP1],[VP1]) lack]{NP1} offing killing{VP1} in rural areas
9. Polarity(as[ADJ]as[NP]) = if(polarity(NP) !=0: return polarity(NP),
else: return polarity(ADJ) as{as} ugly{ADJ} as{as} a rock{NP}
10. Polarity(not as[ADJ]as[NP]) = -polarity(ADJ) that was not{not} as{as} [bad]{ADJ1} as the original]{NP2}
11. If the sentence contains ‘but’, disregard all previous sentiment
only take the sentiment of the sentence after ‘but’ and I’ve never liked that director, [but] I loved this movie.
12. If the sentence contains ‘despite’,
only the sentiment in the previous part of the sentence is counted. I love that movie, despite the fact that I hate the director.

Table II: The compose function is used to derive the polarity of an expression. The table lists the Compose function used
in [1]. Compose2 is our version of the Compose function

if(arg1) is a negator then ¬polarity(arg2)
Compose(arg1,arg2) else if (Polarity(arg1) == Polarity(arg2)) then Polarity(arg1)

else the majority polarity of data
if arg1 is negative:

if arg2 is not neutral: return : polarity(arg2)
Compose2(arg1,arg2) else: return -1

else if arg1 is positive and arg2 is not neutral: return polarity(arg2)
else if polarity(arg1) equals polarity(arg2): return 2 polarity(arg1)
else if (arg1 is positive and arg2 is neutral) or (arg2 is positive and arg1 is neutral):

return polarity(arg1) + polarity(arg2)
else:return 0

2) Numeric Sentiment Identification Algorithm: To
calculate the numerical degree of sentiment, there are two
major problems to solve: 1) how to associate numeric
scores with degree of textual sentiment; 2) how to combine
all the scores of multiple words for one sentence. In this
section, we will describe these in details.

Definition of Strength of Sentiment The approach
hypothesizes that there are two kinds of phrase that
can associate with numerical scores: adverb-adjective-
noun(abbreviated as AAN) and verb-adverb(VA) phrase. For
example, “a very good question” is the AAN type and “do
not like it very much” is the VA type. Based on this, the
key point is to define the strength of sentiment of words for
each phrase. There have been studies on building sentiment
lexicons to define the strength of word sentiment. Esuli
and Sebastiani [28] constructed a lexical resource, Senti-
WordNet, a WordNet-like lexicon emphasizing sentiment
orientation of words and providing numerical scores of how
objective, positive, and negative these words are. However,
lexicon-based methods can be tedious and inefficient and
may not be accurate due to the complex cross-relations in
dictionaries like WordNet. Jing and Seneff’s approach [4]
to sentiment scoring is to make use of collective data such

as user star ratings in reviews. It assumed that user star
rating is normally consistent with the tone of the review
text published by the same user. Our method is similar to
this. But we argue that the sentiment scores are not only
associated with user star ratings but also word appearance
frequency. By associating user star ratings and frequency
with each phrase extracted from review texts, we can easily
associate numeric scores with textual sentiment. For both
adjective and adverb-adjective phrase, we average its star
ratings given by 1:

Score(w) =

P
i2P

nri
N rifriP

ri

nri
N fri

(1)

where P represents the set of appearances of word w, fri is
the appearance frequency in each entities, ri represents the
associated user rating in each appearance of w, N represents
the number of entities (e.g., company) in the entire data set,
and fri represents the number of entities with star rating ri.
The score is averaged over all appearances, weighted by the
frequency count for removing bias towards any words. We
take the first AAN phrase as an example and we consider
the noun words are objective without sentiment. For the VA
phrase, we can calculate the scores in the same way. Table III
shows the calculated scores of some adjective words.

Based on [4], for each adverb, we get a list of all

Table III: Examples of scores of some adjective words

adjective words
Adj score Adj score

Easy 4.1 hard 2.5
Good 3.9 Best 5.0
Rude 1.69 Worst 1.0
Nice 3.7
Bad 1.5

Great 4.5

Table IV: Examples of scores of some adverb words

adverb words
Adv score Adv score

Super 0.41 Pretty 0.18
Not �1.90 Most 1.0

Little �0.16 Never �2.0
A bit 0.03
Pretty 0.06
Really 0.42

possible combinations with adjectives. Then, for each
adjective in the list, we calculate the distance between
the rating of adverb-adjective and the rating of the
adjective. Pol(⇤) is the index function of polarity with two
possible values, +1 meaning positive, �1 meaning negative.
Table IV shows the calculated scores of some adverb words.

Score(adv) = Pol(adj) · (Score(adv, adj)� Score(adj))
(2)

Derivation of Sentence Score After obtaining the
strength rating for adverbs and adjectives, the next step is to
assign the strength of sentiment to each phrase (AAN and
VA) extracted by linguistic analysis, as given by 3 and 4 in
a linear way:

Score(adv(adj(noun))) = Score(adj)+Pol(adj)·Score(adv)
(3)

Score(adv(verb)) = Score(verb)+Pol(verb)·Score(adv)
(4)

Specially for the negation-adverb-adjective-noun and
negation-adverb-verb phrase, instead of treating negation as
a special case, the universal model works for all negations.
This allow us to handle the negation-adverb-adjective-noun
phrase in this way:

Score(neg(adv(adj))) = Score(adj) + Pol(adj) · Score(adv)
+ Pol(adj) · Score(neg)

(5)

Score(neg(adv(verb))) = Score(verb) + Pol(verb) · Score(adv)
+ Pol(verb) · Score(neg)

(6)

The sentence score is calculated based on the summation
of all patterns we discussed above. The algorithm is listed
below(Algorithm 1). The higher score means more strongly
positive.

Algorithm 1 Calculating numeric score for a sentence
1. assign scores to all adjectives and adverbs
2. extract all phrases(P) and calculate each score(PS)
3. S =

Pm
i=1 PSi, where m is the number of phrases

3) Bag-of-Word and Rule-based Algorithm: Due to the
special characteristics of social media texts, we define
some rules to analyze sentiments. For example, most of
Facebook comments and twitter tweets contain emoticon
like ‘:)’ (positive sentiment) or ‘:(’ (negative sentiment)
which almost always conveys the underlying sentiment. We
believe that there are a very few number of cases where
the underlying sentiment/polarity of the comment/tweet is
different from that of the emoticon present. Moreover, such
cases are notoriously difficult to classify, since they are often
sarcastic. In our system, we collect 77 positive emoticons
and 59 negative emoticons from wikipedia [27]. The second
difference from general text is that social media text is very
short and authors usually use Internet language to express
their opinions, such as “1st!”, “Thank you, Obama”, “Go
Bulls!”, etc. In this algorithm, a rule is introduced to process
this situation: if the sentence belongs to the pattern of
“[Thank you|go], [a company name(organization)|a person
name]”, we label it as positive. In addition, some domain-
specific keywords should be added into sentiment word sets,
for instance, “Yum, Yummy” should be positive word for
food comments. The detailed description of this algorithm
implemented in the SES is the following(Algorithm 2).

Algorithm 2 Bag-of-word and rule-based algorithm
Require: PS: positive word set, NS: negative word set, NG:

negation word set, PE: positive emoticon set, NE: negative
emoticon set.
if exists an emoticon ‘e’2 (PE, NE) then

return Polarity(e)
else

array[n]  split sentence into words
words[m]  sentiment and negation words of array[n]
(keeping original index order)
for i = 0! m� 1 do

1. pos count number of positive words
2. neg count number of negative words
3. reverse sentiment for words exactly following a
negation word
4. neighboring negation words will be counteracted

end for
pos>neg return ‘P’
pos<neg return ‘N’
return ‘O’

end if
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NSI(cont’d) 
Derivation of sentence score: 
 

Table III: Examples of scores of some adjective words

adjective words
Adj score Adj score

Easy 4.1 hard 2.5
Good 3.9 Best 5.0
Rude 1.69 Worst 1.0
Nice 3.7
Bad 1.5

Great 4.5

Table IV: Examples of scores of some adverb words

adverb words
Adv score Adv score

Super 0.41 Pretty 0.18
Not �1.90 Most 1.0

Little �0.16 Never �2.0
A bit 0.03
Pretty 0.06
Really 0.42

possible combinations with adjectives. Then, for each
adjective in the list, we calculate the distance between
the rating of adverb-adjective and the rating of the
adjective. Pol(⇤) is the index function of polarity with two
possible values, +1 meaning positive, �1 meaning negative.
Table IV shows the calculated scores of some adverb words.

Score(adv) = Pol(adj) · (Score(adv, adj)� Score(adj))
(2)

Derivation of Sentence Score After obtaining the
strength rating for adverbs and adjectives, the next step is to
assign the strength of sentiment to each phrase (AAN and
VA) extracted by linguistic analysis, as given by 3 and 4 in
a linear way:

Score(adv(adj(noun))) = Score(adj)+Pol(adj)·Score(adv)
(3)

Score(adv(verb)) = Score(verb)+Pol(verb)·Score(adv)
(4)

Specially for the negation-adverb-adjective-noun and
negation-adverb-verb phrase, instead of treating negation as
a special case, the universal model works for all negations.
This allow us to handle the negation-adverb-adjective-noun
phrase in this way:

Score(neg(adv(adj))) = Score(adj) + Pol(adj) · Score(adv)
+ Pol(adj) · Score(neg)

(5)

Score(neg(adv(verb))) = Score(verb) + Pol(verb) · Score(adv)
+ Pol(verb) · Score(neg)

(6)

The sentence score is calculated based on the summation
of all patterns we discussed above. The algorithm is listed
below(Algorithm 1). The higher score means more strongly
positive.

Algorithm 1 Calculating numeric score for a sentence
1. assign scores to all adjectives and adverbs
2. extract all phrases(P) and calculate each score(PS)
3. S =

Pm
i=1 PSi, where m is the number of phrases

3) Bag-of-Word and Rule-based Algorithm: Due to the
special characteristics of social media texts, we define
some rules to analyze sentiments. For example, most of
Facebook comments and twitter tweets contain emoticon
like ‘:)’ (positive sentiment) or ‘:(’ (negative sentiment)
which almost always conveys the underlying sentiment. We
believe that there are a very few number of cases where
the underlying sentiment/polarity of the comment/tweet is
different from that of the emoticon present. Moreover, such
cases are notoriously difficult to classify, since they are often
sarcastic. In our system, we collect 77 positive emoticons
and 59 negative emoticons from wikipedia [27]. The second
difference from general text is that social media text is very
short and authors usually use Internet language to express
their opinions, such as “1st!”, “Thank you, Obama”, “Go
Bulls!”, etc. In this algorithm, a rule is introduced to process
this situation: if the sentence belongs to the pattern of
“[Thank you|go], [a company name(organization)|a person
name]”, we label it as positive. In addition, some domain-
specific keywords should be added into sentiment word sets,
for instance, “Yum, Yummy” should be positive word for
food comments. The detailed description of this algorithm
implemented in the SES is the following(Algorithm 2).

Algorithm 2 Bag-of-word and rule-based algorithm
Require: PS: positive word set, NS: negative word set, NG:

negation word set, PE: positive emoticon set, NE: negative
emoticon set.
if exists an emoticon ‘e’2 (PE, NE) then

return Polarity(e)
else

array[n]  split sentence into words
words[m]  sentiment and negation words of array[n]
(keeping original index order)
for i = 0! m� 1 do

1. pos count number of positive words
2. neg count number of negative words
3. reverse sentiment for words exactly following a
negation word
4. neighboring negation words will be counteracted

end for
pos>neg return ‘P’
pos<neg return ‘N’
return ‘O’

end if

Table III: Examples of scores of some adjective words

adjective words
Adj score Adj score

Easy 4.1 hard 2.5
Good 3.9 Best 5.0
Rude 1.69 Worst 1.0
Nice 3.7
Bad 1.5

Great 4.5

Table IV: Examples of scores of some adverb words

adverb words
Adv score Adv score

Super 0.41 Pretty 0.18
Not �1.90 Most 1.0

Little �0.16 Never �2.0
A bit 0.03
Pretty 0.06
Really 0.42

possible combinations with adjectives. Then, for each
adjective in the list, we calculate the distance between
the rating of adverb-adjective and the rating of the
adjective. Pol(⇤) is the index function of polarity with two
possible values, +1 meaning positive, �1 meaning negative.
Table IV shows the calculated scores of some adverb words.

Score(adv) = Pol(adj) · (Score(adv, adj)� Score(adj))
(2)

Derivation of Sentence Score After obtaining the
strength rating for adverbs and adjectives, the next step is to
assign the strength of sentiment to each phrase (AAN and
VA) extracted by linguistic analysis, as given by 3 and 4 in
a linear way:

Score(adv(adj(noun))) = Score(adj)+Pol(adj)·Score(adv)
(3)

Score(adv(verb)) = Score(verb)+Pol(verb)·Score(adv)
(4)

Specially for the negation-adverb-adjective-noun and
negation-adverb-verb phrase, instead of treating negation as
a special case, the universal model works for all negations.
This allow us to handle the negation-adverb-adjective-noun
phrase in this way:

Score(neg(adv(adj))) = Score(adj) + Pol(adj) · Score(adv)
+ Pol(adj) · Score(neg)

(5)

Score(neg(adv(verb))) = Score(verb) + Pol(verb) · Score(adv)
+ Pol(verb) · Score(neg)

(6)

The sentence score is calculated based on the summation
of all patterns we discussed above. The algorithm is listed
below(Algorithm 1). The higher score means more strongly
positive.

Algorithm 1 Calculating numeric score for a sentence
1. assign scores to all adjectives and adverbs
2. extract all phrases(P) and calculate each score(PS)
3. S =

Pm
i=1 PSi, where m is the number of phrases

3) Bag-of-Word and Rule-based Algorithm: Due to the
special characteristics of social media texts, we define
some rules to analyze sentiments. For example, most of
Facebook comments and twitter tweets contain emoticon
like ‘:)’ (positive sentiment) or ‘:(’ (negative sentiment)
which almost always conveys the underlying sentiment. We
believe that there are a very few number of cases where
the underlying sentiment/polarity of the comment/tweet is
different from that of the emoticon present. Moreover, such
cases are notoriously difficult to classify, since they are often
sarcastic. In our system, we collect 77 positive emoticons
and 59 negative emoticons from wikipedia [27]. The second
difference from general text is that social media text is very
short and authors usually use Internet language to express
their opinions, such as “1st!”, “Thank you, Obama”, “Go
Bulls!”, etc. In this algorithm, a rule is introduced to process
this situation: if the sentence belongs to the pattern of
“[Thank you|go], [a company name(organization)|a person
name]”, we label it as positive. In addition, some domain-
specific keywords should be added into sentiment word sets,
for instance, “Yum, Yummy” should be positive word for
food comments. The detailed description of this algorithm
implemented in the SES is the following(Algorithm 2).

Algorithm 2 Bag-of-word and rule-based algorithm
Require: PS: positive word set, NS: negative word set, NG:

negation word set, PE: positive emoticon set, NE: negative
emoticon set.
if exists an emoticon ‘e’2 (PE, NE) then

return Polarity(e)
else

array[n]  split sentence into words
words[m]  sentiment and negation words of array[n]
(keeping original index order)
for i = 0! m� 1 do

1. pos count number of positive words
2. neg count number of negative words
3. reverse sentiment for words exactly following a
negation word
4. neighboring negation words will be counteracted

end for
pos>neg return ‘P’
pos<neg return ‘N’
return ‘O’

end if

Table III: Examples of scores of some adjective words

adjective words
Adj score Adj score

Easy 4.1 hard 2.5
Good 3.9 Best 5.0
Rude 1.69 Worst 1.0
Nice 3.7
Bad 1.5

Great 4.5

Table IV: Examples of scores of some adverb words

adverb words
Adv score Adv score

Super 0.41 Pretty 0.18
Not �1.90 Most 1.0

Little �0.16 Never �2.0
A bit 0.03
Pretty 0.06
Really 0.42

possible combinations with adjectives. Then, for each
adjective in the list, we calculate the distance between
the rating of adverb-adjective and the rating of the
adjective. Pol(⇤) is the index function of polarity with two
possible values, +1 meaning positive, �1 meaning negative.
Table IV shows the calculated scores of some adverb words.

Score(adv) = Pol(adj) · (Score(adv, adj)� Score(adj))
(2)

Derivation of Sentence Score After obtaining the
strength rating for adverbs and adjectives, the next step is to
assign the strength of sentiment to each phrase (AAN and
VA) extracted by linguistic analysis, as given by 3 and 4 in
a linear way:

Score(adv(adj(noun))) = Score(adj)+Pol(adj)·Score(adv)
(3)

Score(adv(verb)) = Score(verb)+Pol(verb)·Score(adv)
(4)

Specially for the negation-adverb-adjective-noun and
negation-adverb-verb phrase, instead of treating negation as
a special case, the universal model works for all negations.
This allow us to handle the negation-adverb-adjective-noun
phrase in this way:

Score(neg(adv(adj))) = Score(adj) + Pol(adj) · Score(adv)
+ Pol(adj) · Score(neg)

(5)

Score(neg(adv(verb))) = Score(verb) + Pol(verb) · Score(adv)
+ Pol(verb) · Score(neg)

(6)

The sentence score is calculated based on the summation
of all patterns we discussed above. The algorithm is listed
below(Algorithm 1). The higher score means more strongly
positive.

Algorithm 1 Calculating numeric score for a sentence
1. assign scores to all adjectives and adverbs
2. extract all phrases(P) and calculate each score(PS)
3. S =

Pm
i=1 PSi, where m is the number of phrases

3) Bag-of-Word and Rule-based Algorithm: Due to the
special characteristics of social media texts, we define
some rules to analyze sentiments. For example, most of
Facebook comments and twitter tweets contain emoticon
like ‘:)’ (positive sentiment) or ‘:(’ (negative sentiment)
which almost always conveys the underlying sentiment. We
believe that there are a very few number of cases where
the underlying sentiment/polarity of the comment/tweet is
different from that of the emoticon present. Moreover, such
cases are notoriously difficult to classify, since they are often
sarcastic. In our system, we collect 77 positive emoticons
and 59 negative emoticons from wikipedia [27]. The second
difference from general text is that social media text is very
short and authors usually use Internet language to express
their opinions, such as “1st!”, “Thank you, Obama”, “Go
Bulls!”, etc. In this algorithm, a rule is introduced to process
this situation: if the sentence belongs to the pattern of
“[Thank you|go], [a company name(organization)|a person
name]”, we label it as positive. In addition, some domain-
specific keywords should be added into sentiment word sets,
for instance, “Yum, Yummy” should be positive word for
food comments. The detailed description of this algorithm
implemented in the SES is the following(Algorithm 2).

Algorithm 2 Bag-of-word and rule-based algorithm
Require: PS: positive word set, NS: negative word set, NG:

negation word set, PE: positive emoticon set, NE: negative
emoticon set.
if exists an emoticon ‘e’2 (PE, NE) then

return Polarity(e)
else

array[n]  split sentence into words
words[m]  sentiment and negation words of array[n]
(keeping original index order)
for i = 0! m� 1 do

1. pos count number of positive words
2. neg count number of negative words
3. reverse sentiment for words exactly following a
negation word
4. neighboring negation words will be counteracted

end for
pos>neg return ‘P’
pos<neg return ‘N’
return ‘O’

end if

Table III: Examples of scores of some adjective words

adjective words
Adj score Adj score

Easy 4.1 hard 2.5
Good 3.9 Best 5.0
Rude 1.69 Worst 1.0
Nice 3.7
Bad 1.5

Great 4.5

Table IV: Examples of scores of some adverb words

adverb words
Adv score Adv score

Super 0.41 Pretty 0.18
Not �1.90 Most 1.0

Little �0.16 Never �2.0
A bit 0.03
Pretty 0.06
Really 0.42

possible combinations with adjectives. Then, for each
adjective in the list, we calculate the distance between
the rating of adverb-adjective and the rating of the
adjective. Pol(⇤) is the index function of polarity with two
possible values, +1 meaning positive, �1 meaning negative.
Table IV shows the calculated scores of some adverb words.

Score(adv) = Pol(adj) · (Score(adv, adj)� Score(adj))
(2)

Derivation of Sentence Score After obtaining the
strength rating for adverbs and adjectives, the next step is to
assign the strength of sentiment to each phrase (AAN and
VA) extracted by linguistic analysis, as given by 3 and 4 in
a linear way:

Score(adv(adj(noun))) = Score(adj)+Pol(adj)·Score(adv)
(3)

Score(adv(verb)) = Score(verb)+Pol(verb)·Score(adv)
(4)

Specially for the negation-adverb-adjective-noun and
negation-adverb-verb phrase, instead of treating negation as
a special case, the universal model works for all negations.
This allow us to handle the negation-adverb-adjective-noun
phrase in this way:

Score(neg(adv(adj))) = Score(adj) + Pol(adj) · Score(adv)
+ Pol(adj) · Score(neg)

(5)

Score(neg(adv(verb))) = Score(verb) + Pol(verb) · Score(adv)
+ Pol(verb) · Score(neg)

(6)

The sentence score is calculated based on the summation
of all patterns we discussed above. The algorithm is listed
below(Algorithm 1). The higher score means more strongly
positive.

Algorithm 1 Calculating numeric score for a sentence
1. assign scores to all adjectives and adverbs
2. extract all phrases(P) and calculate each score(PS)
3. S =

Pm
i=1 PSi, where m is the number of phrases

3) Bag-of-Word and Rule-based Algorithm: Due to the
special characteristics of social media texts, we define
some rules to analyze sentiments. For example, most of
Facebook comments and twitter tweets contain emoticon
like ‘:)’ (positive sentiment) or ‘:(’ (negative sentiment)
which almost always conveys the underlying sentiment. We
believe that there are a very few number of cases where
the underlying sentiment/polarity of the comment/tweet is
different from that of the emoticon present. Moreover, such
cases are notoriously difficult to classify, since they are often
sarcastic. In our system, we collect 77 positive emoticons
and 59 negative emoticons from wikipedia [27]. The second
difference from general text is that social media text is very
short and authors usually use Internet language to express
their opinions, such as “1st!”, “Thank you, Obama”, “Go
Bulls!”, etc. In this algorithm, a rule is introduced to process
this situation: if the sentence belongs to the pattern of
“[Thank you|go], [a company name(organization)|a person
name]”, we label it as positive. In addition, some domain-
specific keywords should be added into sentiment word sets,
for instance, “Yum, Yummy” should be positive word for
food comments. The detailed description of this algorithm
implemented in the SES is the following(Algorithm 2).

Algorithm 2 Bag-of-word and rule-based algorithm
Require: PS: positive word set, NS: negative word set, NG:

negation word set, PE: positive emoticon set, NE: negative
emoticon set.
if exists an emoticon ‘e’2 (PE, NE) then

return Polarity(e)
else

array[n]  split sentence into words
words[m]  sentiment and negation words of array[n]
(keeping original index order)
for i = 0! m� 1 do

1. pos count number of positive words
2. neg count number of negative words
3. reverse sentiment for words exactly following a
negation word
4. neighboring negation words will be counteracted

end for
pos>neg return ‘P’
pos<neg return ‘N’
return ‘O’

end if

Table III: Examples of scores of some adjective words

adjective words
Adj score Adj score

Easy 4.1 hard 2.5
Good 3.9 Best 5.0
Rude 1.69 Worst 1.0
Nice 3.7
Bad 1.5

Great 4.5

Table IV: Examples of scores of some adverb words

adverb words
Adv score Adv score

Super 0.41 Pretty 0.18
Not �1.90 Most 1.0

Little �0.16 Never �2.0
A bit 0.03
Pretty 0.06
Really 0.42

possible combinations with adjectives. Then, for each
adjective in the list, we calculate the distance between
the rating of adverb-adjective and the rating of the
adjective. Pol(⇤) is the index function of polarity with two
possible values, +1 meaning positive, �1 meaning negative.
Table IV shows the calculated scores of some adverb words.

Score(adv) = Pol(adj) · (Score(adv, adj)� Score(adj))
(2)

Derivation of Sentence Score After obtaining the
strength rating for adverbs and adjectives, the next step is to
assign the strength of sentiment to each phrase (AAN and
VA) extracted by linguistic analysis, as given by 3 and 4 in
a linear way:

Score(adv(adj(noun))) = Score(adj)+Pol(adj)·Score(adv)
(3)

Score(adv(verb)) = Score(verb)+Pol(verb)·Score(adv)
(4)

Specially for the negation-adverb-adjective-noun and
negation-adverb-verb phrase, instead of treating negation as
a special case, the universal model works for all negations.
This allow us to handle the negation-adverb-adjective-noun
phrase in this way:

Score(neg(adv(adj))) = Score(adj) + Pol(adj) · Score(adv)
+ Pol(adj) · Score(neg)

(5)

Score(neg(adv(verb))) = Score(verb) + Pol(verb) · Score(adv)
+ Pol(verb) · Score(neg)

(6)

The sentence score is calculated based on the summation
of all patterns we discussed above. The algorithm is listed
below(Algorithm 1). The higher score means more strongly
positive.

Algorithm 1 Calculating numeric score for a sentence
1. assign scores to all adjectives and adverbs
2. extract all phrases(P) and calculate each score(PS)
3. S =

Pm
i=1 PSi, where m is the number of phrases

3) Bag-of-Word and Rule-based Algorithm: Due to the
special characteristics of social media texts, we define
some rules to analyze sentiments. For example, most of
Facebook comments and twitter tweets contain emoticon
like ‘:)’ (positive sentiment) or ‘:(’ (negative sentiment)
which almost always conveys the underlying sentiment. We
believe that there are a very few number of cases where
the underlying sentiment/polarity of the comment/tweet is
different from that of the emoticon present. Moreover, such
cases are notoriously difficult to classify, since they are often
sarcastic. In our system, we collect 77 positive emoticons
and 59 negative emoticons from wikipedia [27]. The second
difference from general text is that social media text is very
short and authors usually use Internet language to express
their opinions, such as “1st!”, “Thank you, Obama”, “Go
Bulls!”, etc. In this algorithm, a rule is introduced to process
this situation: if the sentence belongs to the pattern of
“[Thank you|go], [a company name(organization)|a person
name]”, we label it as positive. In addition, some domain-
specific keywords should be added into sentiment word sets,
for instance, “Yum, Yummy” should be positive word for
food comments. The detailed description of this algorithm
implemented in the SES is the following(Algorithm 2).

Algorithm 2 Bag-of-word and rule-based algorithm
Require: PS: positive word set, NS: negative word set, NG:

negation word set, PE: positive emoticon set, NE: negative
emoticon set.
if exists an emoticon ‘e’2 (PE, NE) then

return Polarity(e)
else

array[n]  split sentence into words
words[m]  sentiment and negation words of array[n]
(keeping original index order)
for i = 0! m� 1 do

1. pos count number of positive words
2. neg count number of negative words
3. reverse sentiment for words exactly following a
negation word
4. neighboring negation words will be counteracted

end for
pos>neg return ‘P’
pos<neg return ‘N’
return ‘O’

end if
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Bag-of-word & Rule-based 
u  Emoticons 

u  77 positive emoticons : ) 
u  59 negative emoticons :( 

u  Internet language 
u  [Thank you | go], [a company(organization) name 

| a person name] : 1st comment! Go Scuderia! Ferrari 
Go! 

u  Domain specific keywords 
u  “Yum, Yummy” should be positive word for food comments.  

Individual Algorithms(Cont’d) 
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u  Ensemble learning 
u  3 basic features 

u  Score from CSR algorithm: S1 [-10, +10] 
u  Score from NSI algorithm: S2 [-5,+5] 
u  Sentiment from the third algorithm: S3 {P,N,O} 

u  2 derived features 
u  S1 + S2 
u  S2 – S1 

 

Machine Learning Model 
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•  Predictive models 
u  Decision tree 
u  Neural network 
u  Logistic regression 
u  Random forest 

Machine Learning Model (cont’d) 
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It’s common that users use both positive and 
negative sentences to express their opinions 
within one comment  
5 categories 

u  Positive: All sentences are positive and subjective 

u  Negative: All sentences are negative and subjective 
u  Positive mixed: The number of positive sentences is greater than the 

number of negative sentences(>0) 

u  Negative mixed: The number of negative sentences is greater than 
the number of positive sentences(>0) 

u  Mixed: The number of negative sentences is equal to the number of 
positive sentences 

Inference of Message Sentiment 
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2000 Facebook comments 

Experiment Results  
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1000 Twitter tweets 

Experiment Results (cont.) 
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Related Work 

1.  Sentiment analysis [B. Liu, 2010; B. Pang, 2002] 

2.  Extracting product features [M. Hu, 2004; A. Popescu, 
2005] 

3.  Review summarization [M. Hu, 2004, 2006] 
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u  Expand compositional semantic rules 
and numerical sentiment identification 
phrases. 

u  Ensemble three individual algorithms 
to classify sentence sentiments.  

u  Incorporate “mixed” concept to label 
the message sentiment. 

u  Future improvements 
u  Capture contextual information 
u  Include active learning to improve learning 

Conclusions & Future Work 
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Thank You 
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