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known examples of such services are Yahoo! Answers1,
AnswerBag2, and Baidu Zhidao3. The cQA questions usually
contain a high amount of spelling errors and usage of slang. These
issues make the analysis of such questions very difficult. Hence,
the cQA data are triggering many innovative research scenarios in
areas as diverse as user satisfaction [1], question recommendation
[32], answer ranking and selection [23], and opinion
summarization [27].

ABSTRACT
Current opinion lexicons contain most of the common opinion
words, but they miss slang and so-called urban opinion words and
phrases (e.g. delish, cozy, yummy, nerdy, and yuck). These
subjectivity clues are frequently used in community questions and
are useful for opinion question analysis. This paper introduces a
principled approach to constructing an opinion lexicon for
community-based question answering (cQA) services. We
formulate the opinion lexicon induction as a semi-supervised
learning task in the graph context. Our method makes use of
existing opinion words to extract new opinion entities (slang and
urban words/phrases) from community questions. It then models
the opinion entities in a graph context to learn the polarity of the
new opinion entities based on the graph connectivity information.
In contrast to previous approaches, our method not only learns
such polarities from the labeled data but also from the unlabeled
data and is more feasible in the web context where the dictionarybased relations (such as synonym, antonym, or hyponym) between
most words are not available for constructing a high quality graph.
The experiments show that our approach is effective both in terms
of the quality of the discovered new opinion entities as well as its
ability in inferring their polarity. Furthermore, since the value of
opinion lexicons lies in their usefulness in applications, we show
the utility of the constructed lexicon in the sentiment classification
task.

In this research we focus on the more fundamental issue of
constructing an opinion lexicon from cQA questions. Opinion
lexicons contain opinion words with their polarity labels, either
positive or negative, and some scores that represent the strength of
their polarity. Opinion lexicons are essential resources for almost
all the tasks of sentiment analysis such as opinion mining [8],
opinion retrieval [9], and opinion question answering [14]. In
particular, in the cQA context, opinion lexicons can be used for
discriminating opinion from factual questions [13], and answer
summarization [27]. Given a question, a good cQA opinion
lexicon can help determining the question as opinion or factual
and deciding whether we should employ opinion-specific
summarization methods in generating the answer or just rely on
the traditional summarization techniques [2, 3].
There exist three approaches to opinion lexicon construction:
manual, dictionary-based, and corpus-based approaches [19, 15].
The manual approach needs human annotators to tag the
individual words as positive, negative or neutral. Dictionary-based
approaches use a set of seeds (opinion words with already-known
polarity) and search their synonyms and antonyms in dictionaries
like WordNet4 to find new opinion words [6, 10, 8, 24, 22, 21,
17]. An important shortcoming of the dictionary-based approaches
is the limited vocabulary or coverage problem. In fact, the
dictionary-based methods cannot find informal or so-called urban
opinion words due to the fact that such words do not appear in the
dictionaries. To address this problem, the corpus-based
approaches are evolved that use synthetic or co-occurrence
patterns in the text for constructing opinion lexicons [7, 11, 28,
29, 4]. The corpus-based approaches can help to find domain and
context specific opinion words or phrases and their polarity
orientations using a domain corpus. We review some of these
works in the next section.
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[Information Search and Retrieval]: Text Mining

General Terms
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1. INTRODUCTION
Community-based Question Answering (cQA) services are web
portals that allow users to post questions, respond to the
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http://www.answerbag.com/
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http://zhidao.baidu.com/

4

WordNet: http://wordnet.princeton.edu/

In this research we divide the cQA opinion lexicon construction
task into two subtasks:

The rest of this paper is organized as follows. Section 2 surveys
the related work. Section 3 gives an overview of our approach.
Section 4 elaborates our method for mining new opinion entities
and explains some linguistic considerations for this purpose.
Section 5 describes our optimization framework for polarity
inference. Section 6 reports the experimental settings and results
on both polarity inference and sentiment classification tasks, and,
finally, Section 7 concludes the paper and discusses future
directions and plans.

1. New Opinion Entity Detection: To the best of our knowledge,
there is no principled approach to detect new opinion entities
(words or phrases). Previous research either: (1) designed handcrafted rules [7, 21, 11, 20], or (2) used dictionaries and WordNet
relations [8, 26, 6, 22, 12] for this purpose. Each of the above two
approaches has its own advantages and disadvantages. For
instance both rule-based and dictionary-based approaches are
precise, but rules are hard to design and dictionaries have limited
vocabulary (coverage) problem. In this research, we propose a
principled approach to detect new opinion entities in the cQA
context. Our approach effectively combines the above-mentioned
methods in a unified framework and is able to detect non-standard
entities such as urban opinion words/phrases, slang and
misspellings etc.

2. RELATED WORK
As aforementioned, there are three approaches to opinion lexicon
construction: manual, dictionary-based, and corpus-based
approaches [19, 15].
As a dictionary-based approach for opinion lexicon construction,
Hu and Liu [8] proposed to consider the synonyms and antonyms
of seeds in WordNet as new opinion words. The synonyms and
antonyms were accumulated in an opinion lexicon and the process
was repeated until no new word could be added to the lexicon.
Qiu et al. [21] used a similar method as [8], but their algorithm
also exploits the relations between sentiment words and product
features that the sentiment words modify. Kamps et al. [10] used
WordNet to construct a graph of synonyms. They used the
shortest paths from a given word to the seeds "good" and "bad" to
determine the polarity of the word. They reported that in WordNet
synonymy graph, the words "good" and "bad" themselves are
quite close to each other and concluded that the shortest path in
such a graph could be noisy. Rao and Ravichandran [22] used
synonym and hyponym of seeds to construct the graph and
utilized the label propagation technique proposed in [5] to
propagate the polarity labels in the graph.

2. Polarity Inference: The association between seeds and new
opinion entities provides a rich source of relationships. We model
such relationships in a graph context to assign polarity to new
opinion entities. Most of the previous methods only utilized
labeled data (seeds) to predict such polarities [e.g. 28, 11], or used
synonym, antonym, or hyponym relations available in dictionaries
to construct a high quality graph [10, 24, 22, 17]. In contrast, we
make use of both labeled and unlabeled data to predict the
polarities, and construct the graph from the polarity association
between the words. Our polarity inference method is more
feasible in the Web context where the data contains many nonstandard entities and the above dictionary-based relations are not
available. We formulate the polarity inference task as a semisupervised learning task in the graph context where the seeds and
opinion entities are modeled as the graph nodes and the aim is to
optimize the polarity of new opinion entities based on the graph
connectivity information. Similar to [28, 4, 29] we use cooccurrence as the polarity association measure. This is because
previous research shows that opinion words with opposite
orientation tend not to co-occur in the same context, while opinion
words with similar orientation tend to co-occur [4].

In contrast to dictionary-based approaches, corpus-based
approaches use synthetic or co-occurrence patterns in the text. As
a corpus-based approach, Hatzivassiloglou and McKeown [7] and
Kanayama and Nasukawa [11] used seed opinion adjectives with
conjunctions like "and", "or", "but", "either-or", and "neither-nor"
to find more seeds. For example, "and" was used as an evidence
of the same polarity ("cheap and comfortable"). So, if we know
the polarity of one of the words in a conjunctive expression, we
can deduce the polarity of the other word using the above clues.
Kanayama and Nasukawa [11] further expanded the above
heuristics to consider the proximity between the sentences in
reviews based on the assumption that the same opinion orientation
is usually expressed in a few consecutive sentences. The
conjunction-based rules have been used in many research works
as an aid to help developing opinion lexicons [26, 20].

To summarize, the contributions of this paper are as follows:


We propose a principled approach to mine new opinion
words in the cQA context. Our approach can be used as
a feature selection method for mining sentiment
terminology.



We present a novel adaptation of graph-based semisupervised learning methods to learn the polarity of new
opinion entities in the graph context.



Our opinion lexicon contains non-standard entities such
as urban opinion words/phrases, slang and misspellings
etc that cannot be found in the current popular opinion
lexicons.

Turney [28] and Turney and Littman [29] proposed to determine
the polarity of a word/phrase by comparing whether it has a
greater tendency to co-occur with positive opinion words (e.g.
"excellent") or negative opinion words (e.g. "poor"). In particular,
given a word w, they determined the polarity of w as the pointwise mutual information (PMI) between w and a fixed set of
positive words minus the PMI between w and a fixed set of
negative words. This approach is simple and feasible, but it does
not guarantee that two highly co-related opinion words will be
assigned the same polarity. In this paper, we utilize this approach
as a feature selection method for mining opinion terminology and
improve it by utilizing unlabeled data in an optimization
framework.

The experiments show that our polarity inference method
significantly improves the performance of the two baselines by
21.16% and 2.78% in F1 score. We also investigate the effect of
unlabeled data in polarity inference and show that the above
improvement comes from the optimization framework and
learning from unlabeled data. In addition, the sentiment
classification experiments show that our method is effective in
detecting new opinion entities and constructing a high quality
cQA opinion lexicon. Our best performing method significantly
improves the performance of the baseline (seeds) by 5.89% in F1
score.

Constructing opinion lexicons from the web content has been
studied previously in [18] and [30]. Kaji and Kitsuregawa [18]
focused on Japanese text and proposed a method to construct an
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opinion lexicon that only contains adjective phrases. They utilized
seeds and HTML structural clues (such as bulleted lists and
tables) to first extract opinion sentences from web pages. They
then used a syntactic parser to extract opinion adjective phrases
from the sentences. The polarity of a phrase was then determined
using Turney's method [28]. In contrast, our research focus is on
extracting any type of opinion entities from the cQA context
where the only available information is the question threads.
Velikovich et al. [30] proposed a Graph Propagation (GP)
technique to perform polarity inference in the graph context. They
considered word n-grams as the nodes of a graph and weighted
edges based on the cosine similarity between the context features
of their nodes (extracted from Web n-grams for each node). They
computed both positive and negative scores for each unlabeled
node based on the maximum weighted paths between the node
and all seeds. The polarity of the unlabeled node was then
computed based on Turney's method, i.e. the difference between
the two positive and negative scores. We show that our polarity
inference approach better utilizes the unlabeled nodes by
constructing a smooth polarity graph and outperforms the GP
method in the polarity inference task.

Figure 1. The connectivity information available in the
polarity graph. '+' and '-' indicate positive and negative seeds
respectively, '?' indicates SEs, and the black nodes are the
initial polarity predictions for SEs.
such relations are generally not available among many nonstandard entities.

3. OVERVIEW OF OUR APPROACH
This section presents an overview of our approach for
constructing the cQA opinion lexicon. We construct the lexicon in
two steps: (1) mining candidate opinion entities, and (2) inferring
the polarity of the entities.

4. MINING SIGNIFICANT ENTITIES
In this section, we aim to extract significant entities (SEs) and
treat them as candidate opinion entities. We first explain some
linguistic considerations and then describe our method for mining
SEs.

Step 1: We first extract a set of candidate opinion entities using
seeds (the words with already-known polarity). Having two
classes of positive and negative seeds, we extract entities (words
or phrases) that frequently co-occur with one class (e.g. positive
seeds) and rarely with its opposite class (e.g. negative seeds). We
expect these entities to be rich in sentiment. We refer to such
entities as Significant Entities (SEs) and consider them as
candidate opinion entities. For instance "cooool place" and
"recommend" are SE because they frequently co-occur with seeds
like fun, favorite etc and rarely with bad, terrible etc. However,
the entity "to go" (semi) equally co-occurs with both positive and
negative seeds and cannot be a SE.

4.1 Linguistic Considerations
We first utilize three sources of easy-to-collect information as
seeds. These sources provide high quality seeds that have high
confidence (precision) but low coverage (recall) in sentiment:

Step 2: In the next step, we construct a polarity graph from the
seeds and the extracted SEs as depicted in Figure 1. In this Figure,
the '+' and '-' nodes are labeled nodes (positive and negative seeds
respectively), and the '?' nodes are SEs or unlabeled nodes. Each
SE node is attached to a corresponding d-node (the black nodes)
that contains an initial polarity prediction for the SE. The initial
predictions are optional. We explain d-node prediction in Section
5.3. The solid edges in the graph reflect the polarity association
between the nodes. The weight of such edges is computed as a
function of the co-occurrence between their corresponding nodes.
In our polarity graph, we restrict such edges to happen only
between SEs and seeds, and any two seeds with the same polarity.
This prevents the opposite seeds from directly propagating their
labels through each other. Once the graph is constructed, the
polarity inference problem can be best modeled as a semisupervised learning task in the graph context where the labeled
nodes are the seeds and the unlabeled nodes are SEs and the aim
is to optimize the polarity of SEs based on the graph connectivity
information. We treat the SEs with sufficiently high confidence as
new opinion entities and add them to the cQA opinion lexicon.



General Purpose Opinion Lexicons: We consider
those opinion words as seeds that are either labeled as
strong in the General Inquirer [25] or subjectivity
lexicon [33], or have positive or negative score of one in
SentiWordNet [24]. For SentiWordNet, we only
consider the first sense of the words.



Linguistic Rules: As we mentioned before, previous
research designed linguistic rules to detect more opinion
words. For example, the affixes "dis" and "mis" were
used as evidences for opposite polarities (honest ↔
dishonest, fortune ↔ misfortune). We use the above
seeds and linguistic rules of [17] to find more high
quality seeds.



WordNet Similarity: We extract the synonym and
antonym of each seed from WordNet and consider them
as seeds too. The synonyms will be assigned the same
polarity as their corresponding seeds, while the
antonyms will receive the opposite polarity. We do not
repeat this process because we want to ensure the high
confidence (precision) of seeds.

The above sources provide an initial set of seeds. We only
consider the seeds that occur more than once in our development
corpus. These seeds will then be used to mine the significant
entities.

The above two Steps construct the polarity graph without using
any dictionary or dictionary-based relations between the nodes.
As such, our method is more feasible in the Web context where

In addition we found that Negations and Disjunctive Clauses are
important factors to appropriately relate entities to seeds. For
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extract all the entities that occur in the context of si, compute their
as the set of
PMI with respect to si, and accumulate them in set
neighboring entities of si.

example, if a seed is negated, its context words tend to co-occur
with the seed's antonym but not the seed itself. Sub-sentences of a
disjunctive clause5 also have opposite polarities. We explain
below the way we handle negations and disjunctive clauses in
detail:

We consider the sentence that contains si and its previous sentence
as the context of si. It is necessary to consider a set of consecutive
sentences as the context of the seed words for the following 2
reasons: (1) many new opinion entities do not co-occur with any
seed word at the sentence level, and (2) the same opinion
orientation is usually expressed in a few consecutive sentences
[11]. So we can expect the same orientation among the entities of
consecutive sentences. However, we limit the above requirement
as follows: (1) if the previous sentence contains a seed with
opposite polarity with si, we do not consider that sentence in the
context of si; and (2) if the current sentence contains two seeds
with opposite polarities, we only consider the previous sentence as
the context of the seed that appears first.

Negations: Negation words/phrases such as not, none, cannot,
barely, lack of, and never etc reverse the sentiment of the seed
words. Parser toolkits are useful resources to detect negations and
their dependencies in the text. We consider the clause that
contains a negation word as the scope of the negation. However,
because of the weak grammar and the presence of high amount of
short-form texts in cQA data, we designed some manual rules to
better tackle the negation. We also consider cases that the
negation word is not negating the seeds such as "not only … but
also …", "last but not least …" etc. In total we compiled 36
negation words and rules.
Disjunctive Clauses: We consider disjunctions like but, though,
although, despite, in spite of, except for, except that etc to relate
the entities and seeds. Consider an opinion sentence with two
clauses connected by the disjunction "but", such as "CLAUSE1,
but CLAUSE2" where CLAUSE1 contains the seed word s. These
two clauses should have opposite sentiments because of the
disjunction "but". Therefore, we can say that the entities of
CLAUSE2 co-occur with the antonym of s instead of s. For
example given the sentence: "I think it's stylish to hang artworks
on walls, but nowadays it's kind of tacky to hang up posters!" with
the word "stylish" as its seed, the entities in the clause after "but"
such as "tacky", "it's kind of tacky", etc should be related to the
antonym of "stylish". We also designed a few manual rules to
better detect and handle disjunctive clauses. We utilize Stanford
toolkit to extract clauses and split questions and answers into
sentences.

We create the entity pool N from the sets of neighboring entities
as follows:
(2)
We then compute an initial polarity score for each entity
.
This score is computed as a function of entity's co-occurrence
with positive and negative seeds as follows:
∑

As aforementioned, our assumption is that the entities that
frequently co-occur with positive seeds and rarely (or never) with
negative seeds are highly likely to be positive. Similarly, the
entities that frequently co-occur with negative seeds and rarely (or
never) with positive seeds are highly likely to be negative [28, 29,
30, 18].
We use Point-wise Mutual Information (PMI) as the measure of
co-occurrence. PMI between two words v and w is defined as
follows:
Count( v & w ) M
P( v & w )
)
)  log(
Count( v ) Count( w )
P( v )P( w )

,

(3)

5. POLARITY INFERENCE
The SEs and seeds provide a rich source of relationships. Such
information can be readily encoded as a graph where the presence
of an edge represents a relationship between the nodes (here
polarity association) and the weight of the edge represents the
strength of the relationship. This information can help to learn the
polarity of candidate opinion entities when only a few seeds are
present.

(1)

where P(v & w) is the probability that the two words co-occur in
the same context (e.g., a sentence or several consecutive
sentences), and P(v) and P(w) are the probability of v and w
occurring in the entire corpus respectively, and M is a constant
(e.g. the number of terms in the corpus). PMI is a good measure to
associate the words that frequently co-occur in the same context
[29, 35].

Formally, the polarity inference problem can be described as
follows:
Assume that there exist n instances {x1, …, xn} in the dataset .
Let the first l instances
= {x1, … , xl} be the labeled data
= {xl+1, … , xn} be the
(seeds) and the remaining instance
unlabeled data (the SEs). Let yi indicates the label (polarity score)
of xi; with yi=+1 for positive seeds and yi=-1 for the negative
seeds. The aim is to find a real-valued function f: x → that gives
a continuous polarity score f(x) to entity x. The value of function f
on the labeled data xi is the same as its initial label yi, i.e. f(xi) = yi
for i =1, …, l. The problem is then to determine the polarity of the
unlabeled nodes, i.e. f(xj), j =l+1, …, n.

We define an entity as any word N-grams (N = 1, 2, or 3)
extracted from the cQA questions or their answers. Our aim is to
use seeds to find SEs. For this purpose, for each seed si, we
5

∑

where Pos is the set of positive seeds and Neg is the set of
negative seeds. In Equation (3), we only consider positive PMI
values because it reflects positive co-relation between entities and
seeds. The above Equation measures the tendency of the entities
towards positive or negative classes of seeds. In the above
Equation, |
| will be high for entities that are highly
associated with only one of the positive or negative classes. We
first normalize the InitPScores and then sort the entities in
descending order of the absolute values of their InitPScores. We
then pick the Top K entities from this set and consider them as
significant entities. These SEs are expected to be rich in
sentiment.

4.2 Significant Entity Extraction

PMI ( v , w )  log(

,

A disjunctive clause contains two sub-sentences connected by a
disjunction (e.g. but).
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vs. adjacent nodes) on the polarity of xi, and the coefficient
0,1 controls the effect of labeled and unlabeled nodes on the
polarity of the unlabeled node xi. Equation (4) represents the
, we want f(xi)
requirements that for each unlabeled node
to be consistent with its d-node, and its neighbors. The greater
values of reduce the effect of the adjacent unlabeled nodes on
the polarity of xi, while smaller values of increase such effects.
Since the paths from unlabeled nodes could potentially be noisy,
we set
0.5 to produce better performance.

This problem can best be modeled as a semi-supervised learning
task in the graph context where the connectivity information of
the graph can be utilized to estimate the polarity scores for the
unlabeled data. We first construct the polarity graph from the SEs
and seeds and then define the optimization criteria.

5.1 Polarity Graph Construction
Let G=(V, E) be an undirected edge-weighted graph defined on
the dataset
with nodes V corresponding to the n entities of ,
and edges E that are weighted by an n × n symmetric weight
matrix W. The weight of the edge
,
, wij, indicates the
polarity association between the nodes vi and vj and is obtained
from PMI(vi, vj) as defined in Equation (1). Formally, we
construct G as follows:



The optimization problem can be defined as follows:
(5)
To find a closed-form solution to the above Equation, we define
an n × n matrix T as follows:

Any
is connected to all the
and
nodes
that have positive PMI with xj, and
Any
is connected to all the
nodes that have
the same polarity and positive PMI with xi .

0,
1
1
2 1

If there is no edge between two nodes its corresponding weight is
deemed to be 0. Note that the PMI function is a symmetric
function, i.e. PMI (a, b) = PMI (b, a). The above configuration
results in a large graph in which each unlabeled nodes (SE) is
potentially connected to several labeled nodes and other unlabeled
nodes through different edges/paths (see Figure 1).

,

1

,
,
,
,

(6)

where L= 1…l and U= l+1…n are the labeled and unlabeled node
indices respectively. Let D be a diagonal matrix derived from T as
follows:

Furthermore, we assume that, we have an initial polarity
prediction (also called dongle node [34]) for each unlabeled node,
i.e. f(xi) = ́ for i=l+1 … n. Each d-node is connected to its
corresponding unlabeled node with the edge weight of 1 and acts
as prior knowledge for the semi-supervised learning framework.
́ is set to zero when there is no initial prediction. We explain
how to estimate the value of d-nodes in section 5.3.

n

Dii 

T

ij

(7)

j 1

Let

be the n × n graph Laplacian matrix [16],
,…,
, and
,…, , ́ ,…, ́
where
f(xi) = yi for the labeled nodes (i=1…l), and ́ is the value of the
dongle nodes for the unlabeled nodes (j=l+1…n). We can rewrite
Equation (4) as follows where I is the n × n identity matrix (see
Appendix A for the derivations):

5.2 Optimization Framework
The basic idea of the semi-supervised learning algorithms in the
graph context is that the function f(x) should be smooth with
respect to the graph [5, 34, 31]. f(x) is not smooth with respect to
the graph if there is a heavy edge with weight wij between two
nodes xi and xj, and the difference between f(xi) and f(xj) is large,
i.e.
is large. Therefore, the aim of the
optimization framework is to minimize the above value over all
the edges in the polarity graph.

(8)
The minimum energy function
can be obtained as follows:

Assuming that the d-nodes in Figure 1 are connected to their
corresponding unlabeled nodes with the weight of 1, our aim is to
minimize the following energy function:

of the above quadratic function

0

́

1

,
,

(9)

Because
>0,
is a symmetric and positive semi-definite
matrix and consequently the above solution is the unique answer
to our optimization problem. We normalize this vector into [-1, 1]
range.

–

5.3 Polarity Prediction for Dongle Nodes

1

Given an unlabeled node,
, we utilize two methods to
predict the polarity value of its corresponding d-node, di. The first
intuitive method is based on Equation (3) that computes an initial
polarity prediction for the unlabeled nodes. We refer to this
prediction as CO in the experiments.

(4)
where
and
are the sets of xi's adjacent labeled
and unlabeled nodes respectively, the parameter
0,1
represents the influence of each source of learning (dongle node

As the second prediction method, we make use of the idea
proposed in [30]. In particular, we compute a positive and a
. The positive
negative score for each unlabeled node
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this way, we obtained more than 2,500 seeds (almost balanced on
positive and negative categories).

score is computed as the sum over the maximum weighted path
from every positive labeled node to xi. Similarly, the negative
score is computed as the sum over the maximum weighted path
from every negative labeled node to xi. The value of the
corresponding d-node is then computed as the difference between
the two positive and negative scores. Mathematically, for each
node
, we compute the value of its d-node as follows:
∑

∑

For the purpose of the second evaluation, we used a restaurant
review dataset crawled from newyork.citysearch.com7. In this
dataset, each review has a rating star scaling from 1 (highly
negative) to 5 (highly positive). We used a balanced set of
positive and negative reviews for the evaluation purpose (7000 on
positive and 7000 on negative reviews).

(10)

All the experiments in the subsequent Sections were performed
through 10-fold cross validation and the two-tailed paired t-test
0.01 was used for significance testing. Throughout this
Section, we use the asterisk mark (*) to indicate significant
improvement over the best performing baseline.

where Pos and Neg are the positive and negative labeled nodes in
respectively, is a normalization term, Sij is the value of the
maximum weighted path from xi to xj, and is a constant value
that accounts for the difference in the overall mass of positive and
negative flow in the graph, and is computed as follows:
∑

∑
∑

∑

6.2 Polarity Inference Performance
We use the seed dataset as the ground-truth to evaluate the
performance of our optimization framework in polarity inference.
For this purpose, we consider part of the seed dataset as the test
data (unlabeled nodes) and the rest of the seeds as training data
(labeled nodes), and evaluate the performance of the optimization
framework in predicting the polarity of the unlabeled nodes. We
use the following measures for the evaluation:

(11)

Equation (10) assigns high positive (negative) scores to unlabeled
nodes that are connected to multiple positive (negative) labeled
nodes through short yet highly weighted paths [30]. If xi has
higher positive score than negative score, then its initial guess will
be positive, i.e. di > 0; and di < 0 otherwise. We refer to this
prediction as GP in the experiments.
Our optimization framework improves upon these two baselines
by: (1) imposing the smoothness restriction over the polarity
graph (see Section 4.2.), and (2) preventing label propagation
through seeds with opposite polarities.

1

2

6. EXPERIMENTS
In this Section we evaluate our approach from two perspectives:

is the number of unlabeled nodes that are assigned
where
the correct polarities (either positive or negative),
is the
number of unlabeled nodes that are assigned non-zero scores, and
is the total number of unlabeled nodes.

Polarity Inference: We first evaluate the ability of the
optimization framework in inferring the polarity of opinion words
(polarity inference). We utilize the seed opinion words for this
purpose. We assume that part of the seed dataset is unlabeled and
evaluate the performance of our optimization framework in
predicting the correct label of such seeds.

We use 80% of the seed dataset for training and the rest for
testing. In addition, we use 10% of the training set to tune the
parameter . For this purpose, we employ a greed search in the
[0.1, 1] range with the greed step of 0.1. We analyze the effect of
this parameter on the performance of polarity inference in the next
Section. In addition, We treat the dongle nodes as other nodes in
the graph and emperically set the value of to 0.58.

Sentiment Classification: We then evaluate the quality of the
extracted new opinion entities. For this purpose, similar to [30,
28], we consider a word-matching-based review classification task
as the measure of evaluation. We expect opinion entities with
higher quality result in higher performance of review
classification

Table 1 presents the results. CO indicates the results when we use
the co-occurrence information (Equation 3) to predict the polarity
labels of test data. As Table 1 shows, CO produces a low F1
performance of 47.89%. This poor performance is due to the fact
that CO ignores the co-occurrence among the unlabeled data.
However, we should mention that the performance of CO highly
depends on the amount of raw text provided for computing the cooccurrence information.

6.1 Data

We used the newly released Yahoo! Webscope dataset6 as the
development dataset for mining opinion entities. This dataset is
collected from Yahoo! Answers cQA archives (as of 10/25/2007).
We considered each question and each answer as an individual
document and performed the experiments on the Food domain.
The Food domain of this collection contains 244K documents and
0.5M sentences. We use these documents to detect SEs and
extract co-occurrence information.

As Table 1 shows, GP produces a higher F1 performance than CO

From the seed words that we compiled in Section 4.1, we only
kept the seeds that occur more than once in the cQA corpus. In

6

http://webscope.sandbox.yahoo.com/
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The restaurant review dataset has been obtained from
http://www.cs.cmu.edu/~mehrbod/RR/.

8

We also experimented with some other values of γ and observed
that giving more weight to adjacent nodes improves the
performance when there is no prediction available for the dnodes.

Table 1. Performance of Polarity Assignment for Different
Methods
Methods

Precision

Recall

F1

CO

47.89

47.89

47.89

GP

66.27

66.27

66.27

69.45

65.06

67.19*

65.59

61.45

63.45

71.38

66.87

69.05*

OPT,
: .5
OPT-CO,
: .7
OPT-GP,
: .7

Figure 2. The Effect of α on Polarity Inference
The results are shown in Figure 2. As it is clear, the best
performance is obtained when we use the optimization framework
in conjunction with the GP predictions, OPT-GP, and the worst
performance belongs to CO. In addition, both OPT and OPT-GP
perform better than both baselines for any 0.3 .

(66.27% vs. 47.89%). This difference is significant and stems
from GP's utilization of both edges (direct co-occurrence) and
paths (indirect co-occurrence) of the polarity graph. We consider
GP and CO as the baselines.
The results of the optimization framework are shown in the last
three rows of Table 1. OPT indicates the result when there is no
0 for i=l+1 …
initial predictions for the unlabeled nodes, i.e. ́
n. As it is shown, it outperforms the CO and GP methods
significantly and produces a F1 performance of 67.19%. OPT, in
contrast to CO or GP, optimizes the polarity of unlabeled nodes
by imposing the smoothness restriction on the polarity graph. As
Table 1 shows, the value of is 0.5 for OPT. This suggests that
giving the same contribution to both labeled and unlabeled nodes
produces a higher significant performance than both CO and GP
when no initial prediction is available.

As expected, learning the predictions from GP, i.e. OPT-GP,
improves the performance of OPT for all the values of except
when
0.3 and
0.5 where the performance of OPT is
slightly higher than OPT-GP. This small reduction could be
because of the noise in the unlabeled data. Figure 2 also shows
that OPT and OPT-GP outperform OPT-CO independent from the
value of α.
As expected, the smaller values of α produce lower performances.
This shows that the labeled data play a crutial role in the learning
process. However, Figure 2 shows that, to a lesser extent, learning
from unlabeled data is also important. This is because when the
optimization framework only learns from the labeled data, i.e.
when =1, the performance of both OPT and OPT-GP decreases.
This indicates the importance of the unlabeled data in the learning
process.

OPT-CO indicates the result when we use CO as the initial
predictions for the unlabeled nodes. As it is shown in Table 1, this
prediction decreases the F1 performance of OPT from 67.19% to
63.45%. This reduction is expected because the optimization
framework has to optimize toward the polarity of both adjacent
and d-nodes. Since CO produces poor performance in predicting
the polarity of d-nodes, adding it to OPT reduces OPTS's
performance.

6.3 Sentiment Classification Performance
The aim of SC is to assign a polarity label (positive or negative) to
any given review. We expect that the performance of SC to be
higher when we use an opinion lexicon with higher quality.

Finally, OPT-GP gives the result when we use GP (see Equation
15) as the initial predictions for the unlabeled nodes. It
outperforms both CO and GP by 21.16% and 2.78% in F1 score
and the improvements are significant. OPT-GP also outperforms
OPT by 1.86%. This result suggests that when we have better
initial predictions, the performance of the optimization framework
increases. Here the value of parameter
is set to 0.7 which
emphasizes the important role of the labeled data (seeds) in the
learning process. We study the effect of this parameter in the next
Section.

As the ground truth, we treated all the reviews with 1 or 2 stars as
negative reviews, and the reviews with 4 or 5 stars as positive
reviews. We obtained a total number of 14K reviews (balance on
positive and negative classes) from the review dataset. To perform
the SC experiments, we learned new opinion entities (SEs) from
the cQA dataset and tested their SC performance on the 14K
reviews.
We performed the word-matching-based SC as follows: given a
review, the sentiment score of the review was computed as the
sum of the polarity scores of the SEs that appear in the review. An
overall positive sentiment score indicates a positive review; and
negative otherwise. We also considered negations and disjunctive
clauses as we explained in Section 4.1. Here we do not use any
classifier in order to emphasize the quality of the lexicons. A
higher performance can be obtained if we use an appropriate
classifier.

6.2.1 Parameter Analysis
In this section we study the effect of parameter
on our
optimization framework. As we mentioned before, this parameter
has been tuned over 10% of the training data by a greed search in
the [0.1, 1] range. We plot the F1 performance of different
approaches (discussed in Table 1) on the test set with respect to
parameter . Note that in case of OPT the value of the d-nodes is
0 and therefore the parameter has to be greater than 0, otherwise
f(xi) = 0 for i=l+1 … n (See Equation 4).

We constructed separate polarity graphs for each value of N-Gram
(N=1, 2, 3) and learned the Top 1000 SEs that have sufficiently
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Table 5. Occurrences of Seeds in Reviews

Table 2. SC Performance on Positive Reviews
Lexicon
Seed_Lexicon
cQA_OPT
cQA_OPT-GP

Pos Reviews
w
w/o
negation
negation

Recall

F1

69.59

96.68

80.93

96.58

82.40

*

+1.47

Pos Seeds

48,704

49,135

26,183

29,007

82.72

*

+1.79

Neg Seeds

6,855

6,424

25,234

22,410

Pos/Neg Ratio

7.10

7.65

1.04

1.29

71.85
72.34

96.59

imp
-

Table 3. SC Performance on Negative Reviews
Lexicon
Seed_Lexicon

Precision

Recall

F1

97.36

42.88

59.54
*

+11.5
+13.5

As Table 5 shows, the occurrence of positive seeds is much
greater than the negative seeds in the positive reviews (7.10 and
7.65 times greater than with and without considering negation
words/rules respectively)10. As such, the word-matching-based
sentiment classifier is able to correctly label many of the positive
reviews as positive. This justifies the high recall of Seed_Lexicon
for the positive class (96.68%). On the other hand, we found that
the occurrence of positive seeds is slightly higher than the
negative seeds in the negative reviews (1.04 and 1.29 times
greater respectively). This seems to indicate that people tend not
to use many negative words even in negative reviews. This causes
some of the negative reviews to be wrongly labeled as positive by
the word-matching-based sentiment classifier. This in turn results
in the relatively low precision of the Seed_Lexicon for the positive
class (69.59%).

imp

cQA_OPT

96.57

56.16

71.02

cQA_OPT-GP

96.45

58.80

73.06*

-

Table 4. SC Performance Using on All the Reviews
Lexicon

Precision

Recall

F1

imp

Seed_Lexicon

76.28

69.78

72.89

-

cQA_OPT

79.32

76.37

77.82*

+4.93

77.70

*

+5.89

cQA_OPT-GP

Neg Reviews
w
w/o
negation
negation

Precision

79.90

78.78

As shown in Table 5, the occurrence of positive seeds is slightly
greater than the negative seeds in negative reviews (1.29 times
greater). At the same time the occurrence of negation words/rules
in negative reviews is greater than positive reviews. The above
two indicators show that, in the negative reviews, users usually
use negated positive seeds to express their negative opinions. This
is consistent with the positive encouragement principle of
critique, i.e. the shortcomings can be pointed out in a positive
manner.

high confidence, i.e. |f(xi)| ≥ 0.5, for each set9. We then stored all
these SEs into a lexicon to perform SC. Here, we only perform the
experiments with the OPT and OPT-GP methods as they are the
best performing methods based on the results of the previous
Section. All the other parameters are set as reported in the
previous Section, i.e.
0.5 and
0.5 for OPT, and
0.5
and
0.7 for OPT-GP.
Tables 2-4 show the performance of SC using different opinion
lexicons and for different types of reviews (positive, negative, and
all reviews respectively). The Seed_Lexicon only contains the
seeds, while the other lexicons, namely cQA-OPT and cQA-OPTGP, contain the combination of seeds and SEs (mined from the
cQA dataset) where OPT and OPT-GP were used for polarity
inference respectively. The "imp" column shows the amount of F1
improvement over the Seed_Lexicon.

Table 2 and Table 3 show that the cQA_OPT and cQA_OPT-GP
lexicons result in significant improvement over Seed_Lexicon for
both positive and negative classes, with a greater improvement on
the negative class.
Table 4 shows the overall SC performance on all the reviews. The
results show that both cQA lexicons significantly outperform the
Seed_Lexicon. Overall cQA_OPT results in 4.93% improvement
over the Seed_Lexicon (77.82% vs. 72.89%) while the cQA_OPTGP result in 5.89% improvement over the Seed_Lexicon (78.78%
vs. 72.89%).

As Tables 2 and 3 show Seed_Lexicon produces a high F1
performance of 80.93% for the positive class, but a poor F1
performance of 59.54% for the negative class. We expected the
Seed_Lexicon to have high precision but low recall for SC. But
this is only the case for the negative class.

7. CONCLUSION

To find the reason, we count the number of times that seeds occur
in positive and negative reviews and it turns out that the positive
seeds occur more frequently than negative ones. This affects the
performance of our word-matching-based sentiment classifier.
Table 5 shows the statistics. The "w negation" column means we
take into account the negation words/rules as well, i.e. a negated
positive (negative) seed increases the count of negative (positive)
seeds. The "w/o negation" column reports the statistics without
considering negation rules/words.

In this paper we focused on mining slang and urban opinion
words and phrases from community-based question answering
(cQA) archives. In the cQA context, such opinion entities can be
used for discriminating opinion from factual questions, and
answer summarization. The opinion entities are also useful for
different tasks of sentiment analysis like review mining and
sentiment classification. In this paper, we first utilized the opinion
words with already known polarities (seeds) to extract a set of
candidate opinion entities (or significant entities) from the
community questions. We then formulated the polarity inference

9

10

We observed the same trend of performances with different
values of K. Due to space limitation we omit the related curve.
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The number of negation words is 4,777 and 13,040 in positive
and negative reviews respectively.

[11] Kanayama, H. and T. Nasukawa (2006). Fully automatic
lexicon expansion for domain-oriented sentiment analysis.
Proceedings of the 2006 Conference on Empirical Methods
in Natural Language Processing. Sydney, Australia,
Association for Computational Linguistics: 355-363.

task as a semi-supervised learning task in the graph context where
the seeds and significant entities were modeled as the graph
nodes. The graph connectivity information was then used to infer
the polarity of significant entities. Our method is able to utilize
both labeled and unlabeled data to learn the polarity of the entities
and do not require dictionary-based relations (such as synonym,
antonym, or hyponym) to construct the graph. We experimentally
showed that our approach is effective in detecting new opinion
entities and inferring their polarities. Furthermore, we showed that
learning from both labeled and unlabeled data play a crucial role
in inferring the polarity of candidate opinion entities.

[12] Kim, S.-M. and E. Hovy (2004). Determining the sentiment
of opinions. Proceedings of the 20th international conference
on Computational Linguistics. Geneva, Switzerland,
Association for Computational Linguistics: 1367.
[13] Li, B., Y. Liu, et al. (2008). Exploring question subjectivity
prediction in community QA. Proceedings of the 31st annual
international ACM SIGIR conference on Research and
development in information retrieval. Singapore, Singapore,
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In the future we aim to improve the performance of our approach
and utilize the constructed lexicon for opinion question analysis in
the context of community question services.

[14] Li, F., Y. Tang, et al. (2009). Answering opinion questions
with random walks on graphs. Proceedings of the Joint
Conference of the 47th Annual Meeting of the ACL and the
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