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Abstract— Cross-domain sentiment classification is the task of
classifying documents in a domain of interest into appropriate
subjective classes by utilizing information obtained from other
domains. Methods to sentiment classification aim at bridging
the gap between the source domain and target domain. This
helps in adapting a classifier trained on source domain to
predict the sentiment polarities of documents in target domain
without the need for annotating the target domain data. This
paper tries to give a brief overview on the existing methods of
cross-domain sentiment classification.

Index Terms— Sentiment classification, Cross-domain
sentiment classification.

I. INTRODUCTION
With the widespread of use internet and related services,
opportunities for people to share information has increased
largely. People around the world have found Internet as a
new platform to share their experiences, opinions and
knowledge on various topics. Online discussion groups,
blogs, social networks, review sites etc. are only some of
these social media over Internet. One basic property of text
shared over these social media sites is their sentiment.
Identifying the sentiment conveyed by these texts and
classifying them accordingly is one of the hot topics of
research in recent years. These tasks fall into the area of
sentiment analysis or opinion mining.
The proliferation of social media has made online opinions
an important aspect in determining the acceptability of
products. Customers rely on online opinions to decide on the
quality of products. Manufacturers rely on them to determine
the customer opinion. Automated sentiment analysis has
therefore become an important challenge.
Most of the approaches to sentiment analysis rely on
labeled data from the same domain or product type.
Annotating the text manually for each new domain is an
expensive and time-consuming task. These difficulties have
opened up the doors to cross-domain sentiment
classification. Cross-domain sentiment classification aims at
developing methods by which labeled data from one domain
can be used to identify the sentiment orientation of
opinionated texts in a different domain. Cross-domain
sentiment classification is therefore useful in the case of
domains where no labeled data or few labeled data is
available.
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In this paper, I try to discuss the various approaches to
sentiment classification and cross-domain sentiment
classification. Section 1 introduces the topic. Section 2 and 3
describes sentiment classification and cross-domain
sentiment classification.

II. SENTIMENT CLASSIFICATION
Sentiment analysis is the task of identifying and extracting
subjective information from textual documents using natural
language processing and data mining techniques. The key
focus of sentiment analysis is to determine the attitude of a
speaker or a writer towards some topic, or the overall
contextual polarity of a document. The attitude may be the
judgment or evaluation made by the author, or the emotional
effect the author desires to have on the reader. In reviews,
people use simple terms to express sentiment about a product
or service. The major challenge in front of sentiment analysis
algorithms is to identify the words contributing to the overall
sentiment polarity of the text correctly. In addition to these
cultural factors, linguistic variations and differing contexts
makes sentiment classification an extremely difficult task.

Fig 1 General Sentiment Classification Model

A general architecture of sentiment classification system is
shown in Fig 1. The input to a sentiment analysis system
consists of documents of any format whose sentiment labels

All Rights Reserved © 2014 IJARCET

1747

International Journal of Advanced Research in Computer Engineering & Technology (IJARCET)
Volume 3, Issue 5, May 2014
are not known (unlabeled documents). These documents
preprocessed using a variety of NLP techniques such as
stemming, tokenization, part of speech tagging, and
dependency parsing. Sentiment classification systems utilize
machine learning algorithms, lexicons or other linguistic
resources to predict the sentiment labels. The output will be
the documents annotated with sentiment labels. The
annotations may be attached to whole documents (for
document-level sentiment classification), to individual
sentences (for sentence-level sentiment classification) or to
specific aspects of entities (aspect-level sentiment
classification) [6].
Machine learning techniques are being widely used for
sentiment classification. These methods range from fully
supervised techniques that utilize a labeled training corpus to
unsupervised methods that make use of sentiment word
lexicons like SentiWordNet and grammatical properties of
text. Semi supervised methods that exploit the relatedness
between words in target document and training corpus is also
used for sentiment classification.
A basic task in sentiment analysis is classifying given text
according to its sentiment polarity, i.e., whether the
expressed opinion in a document, a sentence or
feature/aspect of an entity is positive, negative, or neutral [1].
Another variation of sentiment classification is to classify
according to the emotional states expressed, such as angry,
sad, happy etc. A different approach to sentiment
classification is the use of a scaling system whereby words
commonly associated with having a negative, neutral or
positive sentiment with them are given an associated number
on a predefined scale [12]. Feature/aspect-based sentiment
analysis is a more fine-grained instance of sentiment
classification. It refers to determining the opinions or
sentiments expressed on different features or aspects of
entities.
A. Document Level Sentiment Classification
Two main approaches to document level sentiment
analysis are, supervised learning and unsupervised learning.
The supervised approach requires the availability of training
data for each class. The training data is used by the system to
learn a classification model, which can be used to predict the
sentiment labels of input documents. Pang et al. [1] proposed
a supervised method in which sentiment classification is
viewed as a special case of traditional text classification
problem. They use three machine-learning algorithms
(SVM, Naive Bayes, Maximum entropy) to classify the
documents. Unsupervised approaches to document- level
sentiment analysis are based on determining the semantic
orientation (SO) [2] of specific phrases within the document.
The semantic orientation of the document is calculated as the
average of phrase-level semantic orientations. If it is above
some predefined threshold, the document is classified as
positive and otherwise as negative. Turney [2] presented a
simple unsupervised learning algorithm for classifying a
review as recommended or not recommended. He determined
the semantic orientation of words by computing the words
point wise mutual information (PMI) [11] for their
co-occurrence with a positive seed word (excellent) and a
negative seed word (poor). PMI(P,W) gives the statistical
dependence between the word P and the word W.

B. Sentence Level Sentiment Classification
Sentence level sentiment analysis provides a more
fine-grained view of the different opinions expressed in the
document. It aims at extracting sentiments associated with a
sentence or phrase. Yu and Hatzivassiloglou proposed a
method [15], which first creates prior-polarity lexicons.
Sentiment label is assigned to a sentence by averaging the
prior semantic orientations of instances of lexicon words in
the sentence. A unique approach based on the minimum cuts
was proposed in Pang and Lee [10]. This approach is based
on the assumption that neighboring sentences should have
the same subjectivity classification.
C. Aspect Level Sentiment Classification
Aspect-based sentiment analysis (also called feature-based
sentiment analysis) is the research problem that focuses on
the recognition of all sentiment expressions associated with
the aspects within a document. A feature or aspect is an
attribute or component of an entity, e.g., the screen of a cell
phone, or the picture quality of a camera. Aspect level
sentiment classification requires, identifying relevant
entities, extracting their features/aspects, and determining
whether an opinion expressed on each feature/aspect is
positive, negative or neutral. A commonly used approach to
identify aspects is to extract all noun phrases (NP) and
measure for each candidate NP, the PMI with phrases that
are tightly related to the product category (like phones,
printers, or cameras) [13]. Another approach to aspect
identification is to use a phrase dependency parser [14] that
utilizes known sentiment expressions to find aspects.
III.

CROSS DOMAIN SENTIMENT CLASSIFICATION

The supervised classification methods cannot perform
well when training data and test data are from different
domains. The main reason for this variation in performance
is that training data do not have the same distribution with
test data. As each domain has its own vocabulary to express
sentiment, the sentiment information shared between two
unrelated domains will be less. The poor performance found
in the above-mentioned scenario can hence be accounted to
the following two basic reasons. First, each domain has its
own domain specific words and it will be different from one
domain to another domain. For instance, the word
warmhearted frequently appears in hotel reviews, but it
hardly appears in electronics reviews. Secondly, words that
have high correlations with certain class labels in the
training domain may not have the same degree of
correlations with the same class labels in the target domain.
For instance, the word portable may be positive in electronics
reviews, but it means nothing in hotel reviews.
Therefore, training a classifier with the labeled data in the
same domain is found to give an upper bound in terms of
performance. Hence, labeled data is considered as the most
valuable resource for the sentiment classification. In some
traditional domains or, plenty of labeled sentiment data are
freely available on the web, but in other domains, labeled
sentiment data are scarce and it involves much human labor
to manually label reliable sentiment data. A sentiment
classifier trained with the labeled data from one domain
normally performs unsatisfactorily in another domain.
Therefore, the challenge is how to utilize labeled sentiment
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data in one domain (that is, source domain) for sentiment
classification in another domain (that is, target domain).
This resulted in the concept of cross-domain sentiment
classification.
Several approaches to cross-domain sentiment
classification have been proposed. A good number of them
are based on sentiment transfer across source and target
domains, where knowledge obtained from labeled instances
of source domain are transferred to target domain. A
Cross-domain sentiment classification model [Fig 2] utilizes
labeled data from source domain as well as unlabeled data
from target domain to perform sentiment transfer

Fig 2 General Cross-Domain Sentiment Classification
Model
Aue and Gamon [19] surveyed four different approaches to
adapt a sentiment classification system to a new target
domain in the absence of large amounts of labeled data. In
the first approach, they trained a single classifier using equal
amounts of training data from each of the domains where
labeled data are available. This all-purpose classifier, being
trained on multiple domains, will be less domain-specific
than a classifier that has only seen data from one domain. A
modification to this approach is to limit the features used
during training to those that appear in the target domain. The
third approach suggested using an ensemble of classifiers.
The fourth approach exploits large amounts of unlabeled data
available in the target domain. In this approach, small
amounts of labeled target domain data were combined with
large amounts of unlabeled data from the same domain in
order to learn the model parameters for a generative
classifier. The fourth approach provided the best
classification accuracy of the four, since it is able to take
advantage of unlabeled data in the target domain.
Blitzer et al [4] used structural correspondence learning
algorithm for domain adaptation [16] in sentiment
classification. In SCL, pivot features are selected based on
their common frequency in both domains and point wise
mutual information. Pivot features are used as the link for
sentiment transfer between source and target domains. SCL
is based on a multitask learning algorithm, alternating
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structural optimization [5]. SCL models the relationship
between pivot features and non-pivot features by constructing
a set of related tasks. Hence, the transfer ability of SCL for
cross-domain sentiment classification is limited by the
number of related tasks that could be constructed.
Pan et al [7] proposed spectral feature alignment that
exploits domain independent features to construct a bipartite
graph. The bipartite graph is used to model the co occurrence
relationship between domain independent and domain
specific features. Feature clusters are created by co-aligning
domain independent and domain specific features. The
clusters can be used to reduce the mismatch between domain
specific words of both domains. The feature vectors
augmented with elements from clusters are used to train a
classifier to predict sentiment labels of target domain
documents.
Tan et al [8] proposed MIEA method in which iterative
reinforcement of sentiment scores is performed to determine
the sentiment polarity of documents. Here sentiment transfer
is achieved by exploiting all possible relationships between
documents and words in both source and target domains.
These relationships are modeled as graphs. The documents
and words in the graph are assigned sentiment scores using
graph-ranking algorithms. Based on the graphs iterative
reinforcement approach computes the sentiment scores for
the unlabeled documents based on which their sentiment
class is identified.
Wu and Tan [9] proposed a two-stage framework for
cross-domain sentiment classification. At the first stage, they
tried to build a bridge between the source domain and the
target domain. Graph ranking algorithm [17] was used for
this purpose, which assigned a sentiment score to the
documents. The sentiment scores were utilized to choose a
set of most confidently labeled documents as seeds. At the
second stage, they used the intrinsic structure revealed by the
seed documents to calculate the sentiment score of each
document. They employ the manifold-ranking algorithm
[18] to spread the seeds ranking scores to their nearby
neighbors to compute the ranking score for every unlabeled
document. The target domain documents were then labeled
based on these scores.
An active learning approach is proposed in [22], which
performs cross-domain sentiment classification by actively
selecting a small amount of labeled data in the target domain.
In this approach, initially two individual classifiers are
trained on the labeled data from the source and target
respectively. The classifiers then use the active learning
strategy called Query by Committee [20] to select a small
amount of informative samples. A label propagation (LP)
algorithm [21] is then applied to make the classification
decision for a sample, both with the help of the source and
target classifiers. LP is a graph based ranking algorithm,
which propagates the labels from the labeled data to the
unlabeled data.
Bollegala et al [23] used a semi-supervised approach that
uses multiple source domains for sentiment classification.
They proposed a method that uses a sentiment sensitive
thesaurus coupled with feature expansion. The thesaurus
captures related sentiment words for every entry base on a
relatedness measure. During feature expansion, the
thesaurus is used to expand feature vectors for the unlabeled
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target domain documents. The candidates for feature
expansion are selected using a ranking score. The expanded
vectors where then given as training data to classifier.
Most of the methods to cross-domain sentiment
classification utilize a combination of labeled data from
source domains and unlabeled data from source and target
domains. These methods try to bridge the gap between the
source and target domains in order to determine the
sentiment labels of the documents in target domain.

IV.

CONCLUSION

Cross-domain sentiment classification is the task of
classifying sentiment documents in a target domain using
labeled data from a different domain. Major challenge in
cross-domain sentiment classification is that the sentiment is
expressed using different words across different domains.
This paper tried to identify the challenges in cross-domain
sentiment classification and discussed the existing methods
for cross-domain sentiment classification.
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