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 Background: Sentiment classification aims at classifying the reviews as positive or 
negative. Generally all learning techniques require labeled data but obtaining labeled 
data in every domain is impractical. However, applying trained classifier in one domain 
to another also produce poor performance due to different data distribution between the 
domains.  In order to increase the classification performance in target domain, the 
framework has been proposed which select the best opinion features from both source 
and target domain when training a classifier in source domain. The proposed method 
select best opinion features by computing domain relevance score. In order to perform 
cross domain sentiment classification, sentimentally similar best opinion features of 
both source and target domains are identified by computing cosine similarity between 
the source and target domain features. Next, feature augmentation is performed while 
training a classifier in source domain. Finally, the classifier trained in source domain is 
applied to target domain to predict the sentiment of the reviews. Experiments are 
performed on Amazon product data sets by applying proposed methodology and 
experimental results show that best classification accuracy in target domain than the 
other state of art of previous approaches of cross domain sentiment classification. 

 
INTRODUCTION 

 
Nowadays, number of online reviews has been growing up day by day in e-commerce web. Hence, it is 

necessary to develop automatic sentiment classifier to classify the reviews which is very useful for the 
customers and product’s developer to understand strength and weakness of the product. Opinion mining (Chang 
et al., 2014) aims to analyze people’s opinions, sentiments, and attitudes towards entities such as products, 
services and their attributes. The document level opinion mining identifies the overall sentiment expressed in a 
review document. Extracting all features from domain may lead to over fitting while training the classifier. 
Hence it is necessary to extract best opinion features from the reviews. 

Generally supervised learning algorithms (Pang et al., 2002) have been proved promising and widely used 
in sentiment classification tasks. However, the performance of these methods relies on manually labeled training 
data and also the labeling work may be time-consuming and expensive in order to build accurate sentiment 
classifiers. To solve this issue, cross domain classification is performed by many researchers. The cross domain 
sentiment classification problem focuses on training a classifier in source domain and applying the trained 
classifier to the target domain. When classifier trained in source domain is directly applied to target domain 
always produce poor performance due to features mismatches occur between these domains.  For example, in 
the electronics domain, words appeared like “compact”, “sharp” to express our positive sentiment and use 
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“blurry” to express our negative sentiment. While in the video game domain, words appeared like “hooked”, 
“realistic” indicate positive opinion and the word “boring” indicates negative opinion. Due to the mismatch 
between domain-specific words, a sentiment classifier trained in one domain may not work well when directly 
applied to other domain. 

This feature mismatch problem can be solved by augmenting target domain features while training the 
features of source domain. The existing cross domain sentiment classification(Danushka Bollegale et al., 2013) 
have not identify the best opinion features from both source and target domain. It selects all unigram and bigram 
features of the reviews. Moreover, increasing labeled reviews leads to over fitting. To solve this problem, the 
proposed approach performs cross domain sentiment classification by selecting best opinion features from both 
source and target domains and aligns sentimentally similar features of both domains by computing cosine 
similarity between the features. 

The proposed approach, first collect the reviews from source and target domain. Second, preprocessing 
operations such as Stop word removal, parts of speech tagging (POS) tagging and lemmatization are applied on 
the reviews. Third, the unigram and bigram features are extracted from the reviews. Next, it extracts best 
opinion features from each review by computing relevance score. Sentimentally similar features from both 
domains are identified and aligned by computing cosine similarity between the two features.  Finally, opinion 
features in the target domain are augmented with source domain features while training SVM classifier to 
increase the classification performance in target domain.    

 
Related Works: 

Opinions or sentiments expressed in text reviews can be generally analyzed at the document, sentence or 
even phrase levels. The sentiment classification methods can be tuned to work well on a given domain. 
However, they may fail in classifying sentiments in a different domain. Blitzer et al. (2006) addressed the 
problem in cross domain sentiment classification using structural correspondence learning algorithm where 
frequent words in both source and target domain are selected as candidate pivot features and linear predictors 
are trained to predict the occurrences of those pivot features.  

Sinno Jialin Pan et al. (2010) proposed a spectral feature alignment algorithm to align domain specific 
words from different domain into unified clusters with the help of domain independent features as a bridge. A 
bipartite graph is constructed between domain specific and domain independent features. Then, the clusters can 
be used to train a sentiment classifier in target domain. Danushka Bollegale et al. (2013) proposed cross domain 
sentiment classification by creating sentiment sensitive thesaurus which aligns different words which express 
the same sentiments. They expanded feature vector using created thesaurus while training a binary classifier and 
trained classifier is tested in target domain.  

Chang et al. (2014) proposed Identifying Features in Opinion Mining via Intrinsic and Extrinsic Domain 
Relevance. They extracted opinion features using IDR and EDR. Lun yan et al. (2010) proved self growth 
algorithm to generate a cross domain sentiment word list which is used for sentiment classification of web news. 
Jinbo Zhu et al. (2011) proposed aspect based opinion mining from customer reviews. They proposed a multi-
aspect bootstrapping method to learn aspect-related terms of each aspect that are used for aspect identification 
and aspect-based segmentation model is used to segment a multi-aspect sentence into multiple single-aspect 
units as basic units for opinion polling.  

Kennedy and Inkpen (2006) proved that contextual valence shifter to predict sentiment of the sentences.  
Chenghua Lin et al. (2012) proposed a novel probabilistic modeling framework called joint sentiment topic 
model which detects sentiments and topic simultaneously from text. Chien-Liang Liu et al. (2012) proposed 
movie rating and review summarization in mobile environment using latent semantic analysis. They identify 
product features and reduce the size of the summary using LSA.  

Aurangzeb khan et al. (2011) proposed sentiment classification by sentence level semantic orientation using 
sentiwordnet from online reviews and blog which classify the reviews into objective or subjective sentences. 
The semantic score of the subjective sentences are extracted from sentiwordnet to calculate their polarity as 
positive or negative. Kongbing Hu et al. (2012) proposed multi-domain adaptation for sentiment classification 
algorithm based on class distribution. In this method, information of class distribution is used to select some 
adaptive base classifiers from all source domains. Then self labeled samples are added into training data and the 
selection of samples is dynamically adjusted with the similarity between the source and target domain.       

 
Methodology: 

The proposed methodology constructs the framework to perform cross domain sentiment classification by 
augmenting the best opinion features of target domain while creating feature vector of source domain. The best 
opinion features are selected from source and target domain by computing domain relevance score. Here, two 
contrasting domains, electronics domain is taken as source domain and kitchen domain is taken as target domain 
from amazon data set. Generally, source domain has labeled data and target domain has unlabeled data. 
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First, labeled reviews are collected from source domain and unlabeled reviews are collected from target 
domain. Next, preprocessing techniques such as POS (parts of speech) tagging, stop word removal and 
lemmatization functions are applied on the reviews. Parts of speech tagger add POS tag to each word of the 
sentences. Using stop word removal technique, stop words such as is, at, that, etc are removed from the reviews.  
Unigram and bigram features are extracted from both source and target domain.  For each extracted features, 
domain relevance score is estimated on both source and target domain. The Fig. 1 shows the construction of 
framework which performs cross domain sentiment classification by extracting opinion features.  

 
 
 
 
 
                           
 
 
 
 
 
 

Fig. 1: Framework of cross domain sentiment classification. 
 
For each features in source and target domain, domain relevance score is measured to get the opinion 

features. Domain Relevance refers to how well a particular term is associated with the particular domain. It is 
measured based by two facts such as dispersion and deviation. Dispersion quantifies how frequently a term is 
occurred across all documents. Deviation reflects how frequently a term is occurred in a particular document by 
measuring its distributional significance in the document. Both dispersion and deviation are calculated using the 
term frequency-inverse document frequency (TF-IDF) term weights. Each term Ti  has a term frequency TFij in a 
document Dj  , and a global document frequency DFi .  

The weight wij  of term Ti  in the document Dj is calculated  using equation (1) 
 

Wij    =             {   (1+log T F ij) × log (N/DFi)            if TFij > 0,                                                    (1) 
 

0,                                                           otherwise    
 
Where i =1,….,M  for a total number of M terms and j=1,….,N for a total number of  N documents in the 

domain. 
 
The Standard variance Si is calculated using equation (2) 
 

Si =                                                                                             (2) 

 
where the  average weight  wi  of term Ti  across all documents are calculated using equation (3) as in 

(chang et al.,2014 ) . 
 

wi = 1/N                                                                                               (3) 

 

The dispersion disi  of each term Ti  is determined using equation (4) as in (chang et al.,2014)     
 
Disi  =    wi /si                                                                                                                                                         (4) 

 
The deviation is calculated using equation (5) as in (chang et al.,2014 ) 

 
Dev ij = w i j –w j                                                                                              (5) 

 
The domain relevance score is calculated using equation (6) as in (chang et al.,2014). 
 

dr i= disi× ∑ 
N

j=1 devi j                                                                                     (6) 
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when the feature has high domain relevance score and it occurs in the particular domain only which is 
called as domain specific features. Generally some features such as good, excellent, etc are occurred in all 
domains. These features are called as domain independent features. These features have less domain relevance 
score, but they occur in all domain. With the help of Domain independent features sentimentally similar features 
are identified in the target domain by measuring co- occurrence (S. J. Pan et al., 2010) for all features of source 
and target domains.  Next, similarity is measured between source and target opinion features using cosine 
similarity which is calculated using the equation (7). 
 

sim (A,B)=                                                                                       (7) 

 
Here, similarity between two feature is computed between two feature vector A,B. Features which have 

high similarity are aligned in the form of thesaurus with source domain feature which is considered as base 
entry. Next feature augmentation (Danushka Bollegala  et al., 2013) is performed  when training the classifier in 
source domain. Here SVM classifier is used to train labeled reviews of target domain. Next, trained classifier in 
source domain is applied to target domain to predict the label of target domain. 

 
   

 ALGORITHM 1: Building cross domain sentiment classifier 
Input : source domain(labeled), target domain(unlabeled) 
Output: cross domain classifier 
for   each review in source  and target domain 
POS  tagging  
Stop words removal 
Unigram and bigram feature extraction  
for each  feature f do 
for  each document Dj  in the domain C  do 
Calculate weight  w i j by (1); 
Calculate standard deviation s I by (2); 
Calculate dispersion disp i  by (4); 
for each document  Dj  in the domain C do 
Calculate deviation devi I j  by (5); 
Compute domain relevance  dr i  by (6); 
Extract opinion features from both source and target domain 
For each labeled review in source domain   
Creation of feature vector using opinion features of source domain.         
Perform feature augmentation  
Train a SVM classifier with augmented features 
Apply trained classifier to predict the sentiment of target domain reviews.        
                             

RESULTS AND DISCUSSION 
 
The proposed work selects the reviews from Amazon data set. Amazon product reviews are bench mark 

data set which consist of four different product types: Books, DVDs, electronics and kitchen appliances are 
chosen for the proposed work. The data sets structure is shown in table1. For each domain, there are 1000 
positive reviews with 1000 negative reviews. Each domain also has some unlabeled reviews. 

      
Table 1: Amazon product data sets 

Domain Positive Negative Unlabeled 
Kitchen 1000 1000 16746 
DVDs 1000 1000 34377 
Electronics 1000 1000 13116 
Books 1000 1000 5947 

 
For experiments, among four domains, one domain is selected as source domain and another domain is 

taken as target domain. For our experiment, 1000 positive reviews and 1000 negative reviews are selected from 
source domain and 1000 unlabeled reviews are selected from target domain. Next, POS tagging is applied on the 
reviews and then unigram , bigram features are extracted from both source domain. Opinion features are 
extracted based on relevance score.  The selected opinion features from target domain are augmented while 
training the classifier in source domain. Finally, the trained classifier is applied to source domain as well as 
target domain. The Fig. 2 shows the classification accuracy in target domain by adapting single source domain. 
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Fig. 2: Classification accuracy in target domain by adapting one source domain  

 
In one source domain adaptation, for taking kitchen domain as the target domain and the remaining 

domains such as electronics domain, books domain and DVDs domain were individual sources to target domain, 
the percentages of the performed classification accuracy were 81, 75 and 76 respectively.  When DVDs domain 
was the target, the other sources such as books domain, kitchen domain and electronics domain produced 76, 70, 
68 percentage of accuracy respectively. When electronics domain was target, the other sources were kitchen 
domain, books domain, DVDs domain produced 82, 75 and 73 percentage respectively. As books domain was 
target, the other sources were DVDs domain, electronics domain, kitchen domain produced 76, 68, 68 
percentages accuracy respectively. From the above analysis, electronics domain had good performance as an 
account of the features used in electronics and kitchen domains were common. So the kitchen domain was more 
suitable to electronics domain and vice versa. Similarly, the DVDs domain was more suitable to books domain 
and vice versa.. 

                                
Comparison with Existing works: 

The proposed work is compared with three existing works such as SCL (MI), SFA , and SST. Table II 
shows the comparison of classification accuracy for the proposed approach with existing works.  

  
Table II: comparison of proposed method with SCL, SFA and SST 

Method Kitchen DVD Electronics Books 
Proposed method 0.84 0.78 0.83 0.7885 
SCL-MI[2] 0.8206 0.7630 0.7893 0.7456 
SFA[1] 0.8148 0.7631 0.753 0.7773 
SST[3] 0.8518 0.7826 0.8386 0.7632 

 
SCL-MI: 

Blitzer et al. (2006) proposed structural correspondence learning for domain adaptation. This method found 
pivot features using mutual information between features and label. Pivot features are learnt by linear classifier 
and singular value decomposition which is performed to reduce the dimensionality of matrix. Finally, reduced 
lower dimensional matrix is used to project features to train sentiment classifier. 
 
SFA: 

The spectral feature alignment (SFA) method was proposed by Pan et al. (2010). In this method, domain 
independent features and domain specific features are extracted from source and target domain. Domain 
independent features are found using mutual information between features and domain. A bipartite graph is 
constructed between domain specific and domain independent features. Domain specific features of source and 
target domains are clustered with the help of domain independent features. Spectral clustering is performed to 
identify feature clusters. Finally, a binary classifier is trained using the feature clusters and then it is tested in 
target domain. 

 
SST: 

Danushka Bollegala et al. (2013) proposed cross domain sentiment classification using sentiment sensitive 
thesaurus. First, unigram and bigram features are extracted from all domains. Second, lexical and sentiment 
features are extracted from all domains using mutual information. Third, point wise mutual information is 
computed between sentiment features with lexical features. Fourth, semantically similar in sentiment features 
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from various domains are aligned using similarity distribution method. Finally, feature vector is expanded while 
training classifier in source domain and trained classifier are applied to target to predict the sentiment of 
unlabeled reviews of target domain.  

 
Conclusion: 

The proposed framework performs cross domain sentiment classification by augmenting best opinion 
features of target domain while training a classifier in source domain to increase the classification performance 
in target domain. Different combinations of source and target domain are chosen and classification accuracy was 
analyzed. Experiments were carried out on Amazon benchmark data set to evaluate the performance of the 
proposed algorithm. The proposed method shows good results than the existing cross domain sentiment 
classification. In future, fine grained opinion features will be summarized using different techniques. 
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