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Abstract. Analyzing and understanding people’s sentiments to-
wards different topics has become an interesting task due to the ex-
plosion of opinion-rich resources. In most sentiment analysis appli-
cations, sentiment lexicons play a crucial role, to be used as meta-
data of sentiment polarity. However, most previous works focus on
discovering general-purpose sentiment lexicons. They cannot capture
domain-specific sentiment words, or implicit and connotative senti-
ment words that are seemingly objective. In this paper, we propose a
supervised sentiment-aware LDA model (ssLDA). The model uses a
minimal set of domain-independent seed words and document labels
to discover a domain-specific lexicon, learning a lexicon much richer
and adaptive to the sentiment of specific document. Experiments on
two publicly-available datasets (movie reviews and Obama-McCain
debate dataset) show that our model is effective in constructing a
comprehensive and high-quality domain-specific sentiment lexicon.
Furthermore, the resulting lexicon significantly improves the perfor-
mance of sentiment classification tasks.

1 Introduction

Sentiment analysis has attracted increasing attention recently due to
the explosive growth of online opinion data such as online review
sites and blogs. Generally speaking, existing sentiment analysis ap-
proaches can be divided into two categories by the knowledge they
use: lexicon-based approaches and corpus-based approaches [18].
Among these sentiment analysis techniques, a comprehensive and
high quality sentiment lexicon plays a crucial role. More specifically,
for lexicon-based analysis, a sentiment lexicon that is generated man-
ually or automatically [24, 25] assigns sentiment scores to sentiment
indicators (e.g., adjectives, verbs, adverbs and nones) in the docu-
ment. For corpus-based analysis, using sentiment lexicon helps to
achieve a higher overall accuracy than using n-grams or POS features
[3]. Actually, feature selection is achieved by dropping the words
without sentiment polarity.

To date, many researches are dedicated to construct a general-
purpose sentiment lexicon [20, 9, 24, 30, 12]. This general-purpose
lexicon can be used in various situations. However, since a specific
word can carry opposite sentiment meanings in different domains,
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a general-purpose sentiment lexicon is less accurate and less infor-
mative than a domain-specific lexicon, especially in domain-specific
sentiment analysis [2]. For instance, “unpredictable” is negative in the
electronics review domain while being positive in the movie review
domain. Despite its usefulness, the construction domain-specific lex-
icon has received little attention in previous study of sentiment anal-
ysis. On the other hand, previous literature [10] shows that under-
standing the connotation of words plays is important in interpret-
ing subtle sentiment of text. This is because that seemingly objective
statements often allude nuanced sentiments. For example, the words
such as “family” and “friendship” usually carry positive sentiment,
but they are treated as neutral words in traditional sentiment lexicon.
To our knowledge, there is little work focusing on constructing a rich
domain-specific sentiment lexicon, that contains the words seemingly
objective but that appears to convey connotative sentiment in specific
domains.

To meet the challenge of learning a domain-specific lexicon, in this
paper, we focus on the problem of constructing a sentiment lexicon
that is not only domain specific but also be able to discover the sen-
timents beneath the surface meaning. Here, we propose a novel su-
pervised sentiment-aware LDA model (ssLDA). The ssLDA model
constructs a sentiment lexicon that captures the implicit and conno-
tative sentiment of the words, even if they seem to be neural with-
out the context. The model thus meets the needs of domain-specific
sentiment analysis. In a standard Latent Dirichlet Allocation (LDA)
model [5], topics of a document are drawn from a dirichlet distri-
bution. In contrast, the proposed ssLDA model extends the stan-
dard LDA model, employing domain-independent seed words and
document labels to guide the topic model construction. The topics
consequently group semantically related words into a same sentiment
category (i.e., positive, negative, or non-sentiment topics). While the
standard LDA model is an unsupervised model and only the words
in the documents are modeled, our model is a supervised model. We
jointly model the documents and the labels, in order to find latent
topics that will best predict the sentiment of the words in the doc-
uments. sSLDA accepts domain-independent sentiment seed words
(e.g., “good” and “wrong”) and document labels (positive and neg-
ative) as supervising inputs, discovering domain-specific sentiment
words like “friendship” (positive) and “snake” (negative) through the
model inference.
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To evaluate the effectiveness of our proposed model, we conduct
experiments on data sets in two different domains: movie reviews and
live tweets related to Obama-McCain debate. The experiment results
demonstrate that our ssLDA model improves the quality and the cov-
erage of state-of-the-art lexicon constructing techniques. It also sig-
nificantly improves the performance of sentiment classification algo-
rithms that rely on sentiment lexicons.

The rest of the paper is organized as follows. Section 2 reviews
the related work. Section 3 describes the motivation and implemen-
tation of ssLDA model in details. In Section 4, we presents the de-
scription of dataset, followed by the discussion of the experimental
results. Section 5 concludes the paper and indicates future works.

2 Related Work

Sentiment lexicons play a important role in opinion mining and senti-
ment analysis. The lexicons can be created by using seed words to ex-
pand the list of the words automatically [11, 27, 14] or manually [1].
The availability of the WordNet [16] database is an important starting
point for many lexicon construction approaches. The synset model is
sufficiently simple to provide an intrinsic correlation between a con-
cept and the corresponding words. Moreover, WordNet covers the
entire English lexicon and provides an extraordinarily large amount
of conceptual distinctions. Turney and Littman [26] present a gen-
eral strategy for inferring semantic orientation from semantic associ-
ation. The semantic orientation of a given word is calculated from the
strength of its association with the positive paradigm words, minus
the strength of its association with the negative paradigm words. Ve-
likovich et al. [29] propose a method that can be seen as a combination
of methods for propagating sentiment across lexical graphs and meth-
ods for building sentiment lexicons based on distributional character-
istics of phrases in raw data. To improve the scalability of lexicon-
based sentiment analysis system, Naviarouskaya et al. [17] describe
methods to automatically generate and score a new sentiment lexicon,
and expand it through direct synonymy and antonymy relations, hy-
ponymy relations, derivation, and compounding with known lexical
units.

Most of the early studies focus on constructing general-purpose
sentiment lexicons which can be used in any domain. However, the
general-purpose sentiment lexicon are not always applicable since
the sentiment orientation of some words are domain-dependent and
context-aware. Recently, to enhance the domain specific sentiment
data, a few researches have been done to generate the semantic ori-
entation of words dependent on domains. Andreevskaia and Bergler
[1] propose a sentiment annotation system that integrates a corpus-
based classifier trained on a small set of annotated in-domain data
and a lexicon-based system trained on a WordNet, to generate a cross-
domain sentiment lexicon. Blitzer et al. [6] investigate domain adap-
tion for sentiment classifiers, and extend the structural correspon-
dence learning (SCL) domain adaptation algorithm [7] for use in sen-
timent classification. Choi and Cardie [8] propose a novel method
based on integer linear programming that can adapt an existing lex-
icon into a new one to reflect the characteristics of the data more
directly. In [15], Lu et al. focus on the problem of learning a senti-
ment lexicon that is not only domain specific but also dependent on
aspect in context given an unlabeled opinionated text collection. The
proposed framework provides a unified and principled way to com-
bine different sources of information for learning a context-dependent
sentiment lexicon.

In recent years, topic models have been used to perform extraction
and grouping at the same time [5, 4, 21]. Based on standard LDA

model, Xie and Li [31] propose a probabilistic modeling framework
to construct a domain-specific sentiment lexicon for sentiment anal-
ysis task. The proposed model gives a flexible way to determine the
real sentiment role of words over different labels, which gives a flex-
ible way to determine the real sentiment role of words. Although our
model is also inspired by LDA model, we don’t assume every word
in documents has a sentiment polarity, which is impractical in real
world corpus. In our model, we assume that each document has both
sentiment topics (corresponding to negative and positive emotions)
and non-sentiment topics (corresponding to topics that are not asso-
ciated with any emotion). For each document and for each word in
the document, we first generate a sentiment or non-sentiment topic
for the word, then sample the word from the associated word dis-
tribution. Another similar research to our work is proposed in [10],
which describes induction algorithms encoding a diverse set of lin-
guistic insights and prior knowledge drawn from lexical resources.
Different from our work, [10] employs graph propagation algorithms
that induce positive and negative polarities in isolation via separate
graphs. This kind of approaches rely on the lexical relations within
the text heavily. Our novel ssLDA model construct a domain-specific
sentiment lexicon using a small number of seed words and document
labels as prior knowledge, which is able to recognize the implicit and
connotative sentiment of the words that are objective on surface.

3 Supervised Sentiment-aware LDA model

The original LDA model is an unsupervised generative model to learn
hidden thematic of structures in a large corpus of documents. Because
of its unsupervised nature, LDA can be used as a generic tool to ana-
lyze arbitrary documents, even without any metadata. But sometimes,
we may also have some known relevant metadata about the docu-
ments to analyze, such as whether the document’s sentiment polarity
is positive or negative. And we may also have some prior knowl-
edge about the documents to analyze, like we may know some of
the words from the documents show a strong tendency of sentiment
polarity, while some other words are not necessarily associated to
the document’s overall sentiment polarity. These metadata or prior
knowledge can and should be accounted for the topic model we want
to build to analyze the document.

The author-topic model [22] is an example for incorporating meta-
data (in this case, the authorship of documents) into the LDA model,
where a document with multiple authors is modeled as a distribution
over topics that is a mixture of the distributions associated with the au-
thors. Another topic model that is capable to incorporate generic kind
of metadata is the Supervised LDA (sLDA) model [4], where an un-
constrained real value response variable is associated with each doc-
ument, and is generated from a Gaussian distribution centered with
the mean of all topic assignments.

For our application, to analysis the sentiment polarity of docu-
ments, we have the hypothesis that only a small subset of words con-
veys sentiment polarity. If we can find the subset of words in each
document with expressed sentiment polarity, these words can form a
domain-specific sentiment lexicon. On the other hand, we may have
sentiment polarity labels for all or some of the documents, which we
want to incorporate into the a sentiment-aware topic model.

Since only a small subset of words conveys sentiment polarity, a
word in documents can either be a sentiment word or a non-sentiment
word. It’s natural to assume that there are only two classes of top-
ics, sentiment topics and non-sentiment topics. In our ssLDA model,
we take a simple approach, that only 2 sentiment topics have senti-
ment polarity and correspond to negative and positive emotions re-
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spectively, while other non-sentiment topics are not associated with
any emotions.

To incorporate the metadata of sentiment polarity labels, we as-
sume the sentiment polarity label expressed a prior distribution of
sentiment topics, but should not affect the prior distribution of non-
sentiment topics.

In the following subsections, the supervised sentiment-aware LDA
(ssLDA) model and its learning algorithm is rigorously defined. We
begin with the detailed model description in Section 3.1. Then, in Sec-
tion 3.2, we describe a Gibbs sampling algorithm to infer the model
parameters. We finally show how to generate a sentiment lexicon
based on the output of ssLDA model.

3.1 Model Description

Like the standard LDA model, the ssLDA model is a generative
model. Each document has two classes of topics: 2 sentiment top-
ics (corresponding to negative and positive emotions) and K non-
sentiment topics (corresponding to topics that are not associated with
any emotion). Each topic is represented by a multinomial distribu-
tion over words. To prevent conceptual confusion, we use a super-
script “(s)” to indicate variables relating to sentiment topics, and use
a superscript “(n)” to indicate variables of non-sentiment topics. In
addition, we assume that the corpus vocabulary consists of V' distinct
words indexed by {1,...,V}.

For each word in the document, we decide whether its topic is a
sentiment topic or a non-sentiment topic by flipping a coin with head-
tail probability (p¢*), p(™), where (p'*), p™) ~ Dir(c). Then we
generate its sentiment or non-sentiment topic and sample the word
from the associated topic-word distribution. The sentiment topic is
generated from a biased Dirichlet prior Dir(a&s)) according to the
document’s label y. Intuitively, the prior parameter a§,5> should be
selected to ensure the positive topic is more likely to be selected for
positive labeled document, and vice versa.

For sentiment topics, the word distribution is drawn from a bi-
ased Dirichlet prior Dir( ,(CS)). The vector ,BI(CS) € RV is con-
A1 = wr) +
vy fork € {0,1}. wow = 1 (or wo. = 1) if and only if
wordw is a negative (or positive) seed word. The scalars 'y(()s) and
'yfs) are hyperparameters of the model. Intuitively, the biased prior
ensures that the seed words are more probably drawn from the asso-
ciated sentiment topic.

The generative process of word distributions for non-sentiment
topics follows the standard LDA definition with a predefined scalar
hyperparameter 8.

To summarize the generative process of the ssLDA model:

structed from a seed dictionary, where 5,(:) =

1. for each sentiment topic k € {0,1}
(a) generate Ef) ~ Dir(ﬁl(:>)

2. for each non-sentiment topic k € {1,..., K}
(a) generate ¢,(€") ~ Dir(8™)

3. for each document

(a) generate y ~ Bernoulli(\)
(b) generate ) ~ Dir(al?)
(c) generate 8™ ~ Dir(a™)
(d) generate (p(5>7p(">) ~ Dir(a)

®o®

Figure 1. The graphical model representation of the Supervised
Sentiment-aware LDA model

(e) for each word in document

i. generate topic class indicator s ~ Bernoulli(ps)
ii. if s is a sentiment topic

A. generatez®) ~ Mult(6®))

B. generate w ~ Mult(qbi‘z)) , emit word w

iii. otherwise
A. generate (™) ~ Mult(6™)
B. generate w ~ Mult(qb(n) ) , emit word w

z(n)

As an alternative representation, the graphical model of the the gen-
erative process is shown by Figure 1.

3.2 Inference Algorithm

Given the set of hyperparameters {c, a® ™ Bl ﬂ(s)} and the
whole corpus of documents, our goal is to estimate the set of latent
variables {p®®), p(™ 0 ) () 4™} in the ssLDA model. We
use a collapsed Gibbs sampling algorithm, which iteratively takes a
word w from a document with label y and sample the topic z that this
word belongs to.

Let ql(s) and q;m represent the probability that the current word

belongs to sentiment topic i®) or non-sentiment topic j ("), Then,
with respect to the above notation, we have

g o po ) (1)
g™ o p™eiM g ©)

In order to compute posterior topic distribution of the current word,
it is sufficient to compute the posterior expectation of qis) and q]("),
thus reducing to the problem of computing the the posterior distribu-
tion of p*), 8¢ and (;SESU)J (or p™, 9§"> and 425;72)
To introduce some auxiliary notations, let the whole corpus exclud-

ing the current word be denoted by D. Let nﬁif, (or ngﬁz) indicate the
number of occurrences of topic #(*) (or topic j (™) for non-sentiment
topics) with word w in D. Let mz(.S> (or mg.")) indicate the number of

occurrence of topic i®) (or topic j (") for non-sentiment topics) in the
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current document. All these counts are defined excluding the current
word. Using the definition of the ssLDA model and the Bayes Rule,
we find that the joint density of these random variables are equal to

Pr (p(s>7p<n>7 IQIORPICINC) \D)
x Pr (p<s)7p<n)7 09, ) gm) ¢<n>)
. Pr (D‘pw) PONIOONION ¢<n>)
a+(Tl,m?)
x (p<s>) ,
() _q

(49(9)) ayimd

0 =1

4 (s) (s)
Biptn
H (s) \PivwT™iw™
' (¢Z:Sw)

=0 w=1 j=lw=1

()
“\p

’:]H

7

Jun

3)

According to equation (3), we see that {p{*), p(™}, {9(5) 0(-")}

{& 5‘2,} and {¢(")} are mutually independent sets of random vari-
ables. Each of these random variables satisfies Dirichlet distribution
with a specific set of parameters. By the mutual independence, we
decompose the probability of the topic z for the current word as
Pr(z=i”|D) = Elg”] « Ep™'] - B0\ - B8] (4)

7w

Pr(z=j"|D) =El¢{"] < Ep™] - E6"] - El{]  (5)

Then, by examining the property of Dirichlet distribution, we can
compute expectations on the right hand side of equation (4) and equa-
tion (5). More specifically, we have

. a+ i ym”
]E[p( )] = 1 (s) . K ) (6)
20+ om; + Ej:l m;
K (n)
o+ L m
]E[p(n)] = 1 z:(]é,)i1 : K 1) @)
20+ 3 gmy + 30 my
( 5) (s)
s +m;
E[0{V] = 0 5 ®)
Dyr—0 @y t Z 7 —o Ty
(n) + m
E[6™] = = ©)
Ka™ +3%5_ m},
. Bl + i
Elg{] = PR (10)
PO (ﬁ L+ n, ,)
o B ent
El{")] = 20 . o (11

V (n) + Zw’ 1 n] w’

Combining the above results with equations (4) and (5), we can sam-
ple the random topic z for each word iteratively. In the Gibbs sam-
pling procedure, we only need to maintain the counters n(*), n(™,
m(®) and m(™ | which takes O(1) time to update for each iteration.

3.3 Constructing Sentiment Lexicon

After we estimated the parameters of the ssLDA model, our final step
is to generate the domain-specific sentiment lexicon from the esti-

mates. Specifically, we use the estimates gi)és) and gzbgs) to construct
the negative and positive sentiment lexicons.

The intuition is, if a word is a major component of the topic-word
distribution for negative sentiment topic, the word should be part of
the negative sentiment lexicon. In order to differentiate the words
with no sentiments attached at all, we use the weight of words in
non-sentiment topics as a baseline.

Following the above intuition, the lexicon construction is per-
formed in the following way: for each word w in the vocabulary,
we compare the three values ¢§fju, (=) and L+ DD qﬁ(") If qb(s)
is the 1argest then the word w is added to the negatlve sentiment lex-

icon. If d)l w18 the largest, then the word w is added to the positive

sentiment lexicon. Otherwise, <= ZZ 1 (;5(”) is the largest among the
three, which suggests that the word w is more probably drawn from
a non-sentiment topic. Thus, the word is considered neutral and not
included in the sentiment lexicon.

4 Experiments

In this section, we report empirical evaluations of our proposed
model. Since there is no metric explicitly measuring the quality of a
sentiment lexicon, we demonstrate the performance of our algorithm
in two ways: (1) we perform a case-study for the lexicon generated by
our algorithm, and (2) we solve sentiment classification tasks using
different sentiment lexicons, and demonstrate the advantage of our
lexicon over other popular and standard lexicons.

4.1 Datasets

We conduct experiments on two publicly-available datasets: MR and
OMD data sets.

Movie Review (MR) The movie reviews were selected when the
author rating was stars or a numerical score. The ratings are automati-
cally extracted and converted into three categories: positive, negative
and neutral. In this paper, we use the Movie Review dataset contain-
ing 1000 positive examples and 1000 negative examples. All reviews
were written before 2002, as used in the past work [19].

Obama-McCain Debate (OMD) The original Obama-McCain
Debate (OMD) dataset was constructed from 3,269 tweets crawled
during the first U.S. presidential TV debate in September 2008 [23].
Sentiment labels were acquired for these tweets using Amazon Me-
chanical Turk, where each tweet was rated by at least three annotators
as either positive, negative, mixed, or other. Following the strategy
used of past work [13], we use majority votes to label the sentiment of
tweets. This results in a dataset of 1,906 tweets, in which 710 tweets
have positive label and 1,196 tweets have negative label.

In experiments, data preprocessing was performed on both data
sets. First, the texts are tokenized with a natural language toolkit
NLTK?. Then, we remove non-alphabet characters, numbers, pro-
noun, punctuation and stop words from the texts. Finally, WordNet
stemmer” is applied so as to reduce the vocabulary size and settle the
issue of data spareness.

4.2 Evaluation of Lexicon Quality

We first settle down the implementation details for the ssLDA model,
specifying the hyperparameters that we choose for the experiment.

2 http://www.nltk.org
3 http://wordnet.princeton.edu
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For the MR dataset, we choose topic number K = 20, and hyperpa-
rameters o = 0.5, a(®) = o™ = 0.45, 8 = 0.5. The vector 3*)
is constructed from the seed dictionary using v = (0.25,0.75). For
OMD dataset, we use cross-validation to set the topic number K = 7,
while other hyperparameters remain the same. We also observe that
the ssLDA model is not sensitive to the hyperparameters.

As mentioned, we use a few domain-independent seed words as
prior information for our model. To be specific, the seed words list
containing seven positive words (i.e., excellent, good, nice, positive,
fortunate, correct, and superior) and seven negative words (i.e., nasty,
bad, poor, negative, unfortunate, wrong, and inferior). The fourteen
words are chosen for their lack of sensitivity to text, and are the same
as the seed words list used in [28].

The top 20 positive and negative words generated from the MR and
the OMD dataset are reported in Table 1. From Table 1, we observe
that the generated words are informative and coherent. We use bold
font to indicate the sentiment words that are not in existing popular
sentiment lexicons but included in our generated lexicon. For exam-
ple, the words “Obama”, “job”, “cut” are seemingly neutral by its sur-
face meaning, actually expressing positive sentiment for the Obama-
McCain Debate. At the same time, the words “McCain”, “Iraq”, “Re-
publican” express negative sentiment. These domain-specific words
are not included in any other sentiment lexicons. It is worth noting
that users label the sentiment largely based on the final presidential
election result, and to some extent subjective. On the other hand, for
Movie Review dataset, the sentiments are labeled in align with the
popularity of movies and actors. We observe similar phenomenons
for the MR dataset as we observe in the OMD dataset. The experi-
mental results show that our algorithm can successfully construct a
domain-specific sentiment lexicon for this corpus that is able to un-
derstand the connotation of the words that may not be obvious without
the context.

MR dataset OMD dataset
Positive [ Negative Positive [ Negative
good bad obama mccain
nice wrong good john
excellent gang win doe
american spice job iraq
tale nasty tax bush
superior fight back hate
beauty unfortunate great attack
bridge awful cut policy
princess damme won wrong
effective wrestling candidate republican
family worst nice iran
artist mess cnn long
disney showgirl lehrer house
british Wew agree pow
dude crystal better personal
positive seagal vote exactly
prof terrible WOW drilling
brook unfunny energy senator
friendship snake moderator bad
freedom waste presidential stop
color negative already defense

Table 1.

Top 20 sentiment words generated from MR and OMD dataset

4.3 Document-level sentiment classification

To further quantitatively evaluate the lexicon quality, we perform bi-
nary sentiment classification task with four wildly used sentiment lex-

icons: General Inquirer (GI) [24], HowNet [9], MPQA [30] and Liu’s
Lexicon [12]. We also compare our results with three state-of-the-art
sentiment lexicon construction models, i.e., OPT [15], TSTM [31]
and C-LP [10]. The classification problem is solved on both the MR
dataset and the OMD dataset. Both lexicon-based and corpus-based
sentiment classification are tested. For lexicon-based classification,
we count the number of positive words and negative words in the re-
view, and predict the sentiment of the review by comparing two word
counts. For corpus-based sentiment classification, an ¢;-regularized
logistic regression is employed to train a classifier using the sense-
based features extracted from the sentiment lexicon. We use the LI-
BLinear package” to implement the training. In all experiments, the
training parameters are set to the default parameter values of LIBLin-
ear, and the results are evaluated using classification accuracy.

We summarize the results on both data sets in Table 2 and Table 3,
and highlight in bold font the best performance under each measure.
As an easy observation, the lexicon generated by the ssLDA model
consistently and significantly outperforms other lexicons and mod-
els, on both datasets. Particularly, the performance gain of ssLDA is
even more significant on OMD dataset. It has improved the accuracy
from 0.701 to 0.716 in corpus-based setting, and from 0.692 to 0.722
in lexicon-based setting of sentiment analysis classification tasks, re-
spectively. The advantages of our model comes from its capability of
exploring domain-specific sentiments and the sentiments beneath the
surface meaning.

Lexicon Data
MR dataset [ OMD dataset
GI 0.537 0.558
Liu’s Lexicon 0.702 0.688
MPQA 0.651 0.617
HowNet 0.527 0.585
OPT 0.685 0.693
TSTM 0.701 0.655
C-LP 0.708 0.695
ssLDA 0.721 0.728
Table 2. Sentiment Classification Accuracy (Lexicon-based)
Lexicon Data
MR dataset [ OMD dataset
GI 0.744 0.673
Liu’s Lexicon 0.816 0.682
MPQA 0.808 0.686
HowNet 0.780 0.663
OPT 0.819 0.752
TSTM 0.769 0.742
C-LP 0.813 0.771
ssLDA 0.835 0.784
Table 3. Sentiment Classification Accuracy (Corpus-based)

5 Conclusions and Future Work

In this paper, we have presented a supervised sentiment-aware LDA
model for domain-specific sentiment lexicon discovery. The pro-
posed ssLDA model essentially extended a standard LDA model,
employing domain-independent seed words and document labels to
guide the model generating topics. The topics consequently group

4 http://www.csie.ntu.edu.tw/~cjlin/liblinear/
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semantically related words into a same sentiment category (i.e., pos-
itive, negative, or neutral). Thus, it makes the sentiment lexicon con-
taining much richer and adaptive domain-specific words. We have
demonstrated that our method is capable of learning new sentiment
words from domain knowledge and discovering subtle sentimental
meaning of the words. Further quantitative evaluation against widely
used lexicons and state-of-the-art methods shows that sentiment lexi-
con generated by our algorithm is of high quality, and can assist both
lexicon-based and corpus-based sentiment classification tasks.

For feature works, we hope to extend the proposed sentiment-
aware LDA model by exploiting discourse structure knowledge,
which has been shown significant in identifying the polarity of
content-aware words. We also hope to leverage document sentiment
label information to make it a semi-supervised or supervised model,
to enhance the domain adaption.

In addition, we have plans to combine the lexicon learned in ssLDA
model with corpus-based classification algorithms in co-training set-
ting, to achieve higher sentiment analysis accuracy. We also have
plans to evaluate the performance of our ssLDA model in other lan-
guages (e.g., Chinese and Japanese) as well as in other sentiment re-
lated applications, such as opinion summarization and question an-
swering.
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