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ABSTRACT 
Nowadays, e-commerce is growing fast and customers make sure of quality based on product reviews. But the large no of product 

reviews makes it difficult to automatically classify them into different polarity classes (positive and negative). Most of the existing 

methods have come out for binary classification of customer reviews. The proposed work uses a fuzzy logic model for cross-

domain sentiment classification to improve the granularity of the polarity classes. The proposed work is a new approach of 

creation of a clustered Dl and DS features which is done on the basis of sentiment score for DI unigram and bigram features with 

the consideration of linguistic hedges from the SENTIWORDNET lexicon. We are expanding the feature vectors of reviews using 

PRECISE thesaurus during training and testing time. We choose LI regularised Logistic regression algorithm for classification. We 

do so because it is very useful in selecting subset of features which is useful for classification in target domain. Experimental 

results show significant improvement over various baselines. 
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INTRODUCTION 
 
 With the rapid explosion of Web 2.0 technologies, more and more people are freely commenting on 
different kinds of entities (e.g.sellers, products, and services). As large number of people are buying products 
online it has built on general practice to online merchants to enable the choice of expression the thoughts and 
opinions of the products to the customers in order to satisfy them. As e-commerce is becoming more popular, 
customer reviews for a popular product have grown rapidly. The large scale of product reviews makes it hard for 
product manufactures to find the orientation of customer feeling. Also the customer reviews on a product turn 
helps other customers to make better judgement on that product. As the quantities of customer reviews are large, 
it is difficult to read all of them and identify orientation. To overcome this problem, the automatic sentiment 
classification evolved. Sentiment classification is the task of classifying text according to sentiment information 
[1]. It can be considered as a special case of text categorization, where the criterion of classification is the 
attitude expressed in the text (e.g.,recommended or not recommended, positive or negative) rather than some 
facts (e.g., sport or education). Recently, this task has received considerable attention in the communities of 
natural language processing and information retrieval due to its many existing and potential applications such as 
online product review classification, question answering, and automated summarization. Automatic sentiment 
classification is the task of classifying a product review with respect to the sentiment expressed by the author of 
the review. Most of the sentiment classification methods are based on identification of opinion words or phrases. 
There are two types of methods1.Lexicon based methods 2. Thesaurus based methods. First one is based on 
determining word sentiments using lexicons like WordNet. Thesaurus based methods find co-occurrence pattern 
to determine the sentiment of features. 
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 Note that almost all existing studies conduct the sentiment classification tasks for single domains separately 
without interactions among different domains. In a real application system, however, multiple domains are often 
involved. For example, when designing an online product review classification system, we cannot merely collect 
labeled review data on one product, e.g., book, to train the classifier. Because this classifier may perform very 
badly on some other products, e.g., electronics, due to the domain-specific character of sentiment classification. 
As a result, we need to collect some training data from several domains. Supervised learning algorithms that 
require labeled data have been successfully used to build sentiment classifiers for a given domain. However, 
sentiment is expressed differently in different domains, and it is costly to annotate data for each new domain in 
which we would like to apply a sentiment classifier. For example, in the electronics domain the words “durable” 
and “light” are used to express positive sentiment, where as “expensive” and “short battery life” often indicates 
negative sentiment. On the other hand, if we consider the books domain the words “exciting” and “thriller” 
express positive sentiment, where as the words “boring” and “lengthy” usually express negative sentiment. A 
classifier trained on one domain might not perform well on a different domain because it fails to learn the 
sentiment of the unseen words. The cross-domain sentiment classification problem focuses on the challenge of 
training a classifier from one or more domains (source domains) and applying the trained classifier on a 
different domain (target domain). A cross-domain sentiment classification system must overcome two main 
challenges. First, we must identify which source domain features are related to which target domain features. 
Second, we require a learning framework to incorporate the information regarding the relatedness of source and 
target domain features. 
 In this paper, we propose a cross-domain sentiment classification method that overcomes both those 
challenges. We model the cross-domain sentiment classification problem through mapping the domain 
independent words with domain specific words. Methods that use related features have been successfully used 
in numerous tasks such as query expansion in information retrieval, and document classification. 
 
Related works: 
 [3] performed cross domain sentiment classification using Sentiment Sensitive Thesaurus. They create a 
sentiment sensitive thesaurus that aligns different words that express the same sentiment in different domains. 
They use labeled data from multiple source domains and unlabeled data from source and target domains to 
represent the distribution of features. They use lexical elements (unigrams and bigrams of word lemma) and 
sentiment elements (rating information) to represent a user review. Next, for each lexical element they measure 
its relatedness to other lexical elements and group related lexical elements to create a sentiment sensitive 
thesaurus. The thesaurus captures the relatedness among lexical elements that appear in source and target 
domains based on the contexts in which the lexical elements appear (its distributional context). 
 [2] proposed the first base Line for the cross domain sentiment classification. They created a technique 
called Structural Correspondence Learning (SCL). This method utilizes both labeled and unlabeled data in the 
benchmark dataset. It selects pivots using the mutual information between a feature (Unigrams or bigrams) and 
the domain label. Next, linear classifiers are learnt to predict the existence of those pivots. The learnt weight 
vectors are arranged as rows in a matrix and singular value decomposition is performed to reduce the 
dimensionality of this matrix. Finally, this lower dimensional matrix is used to project features to train a binary 
sentiment classifier.Structural correspondence learning involves a source domain and a target domain. Both 
domains have ample unlabeled data, but only the source domain has labeled training data. They refer to the task 
for which they have labeled training data as the supervised task. In their experiments, the supervised task is part 
of speech tagging. They require that the input„ x‟ in both domains be a vector of binary features from a finite 
feature space. The first step of SCL is to define a set of pivot features on the unlabeled data from both domains. 
They then use these pivot features to learn a mapping from the original feature spaces of both domains to a 
shared, low dimensional real-valued feature space. A high inner product in this new space indicates a high 
degree of correspondence. During supervised task training, they use both the transformed and original features 
from the source domain. During supervised task testing, they use the both the transformed and original features 
fromthe target domain. If they learned a good mapping ɵ, then the classifier they learn on the source domain will 
also be effective on the target. 
 [9] proposed a method called Spectral Feature Alignment for Cross domain sentiment classification. 
Features are classified as domain-specific or domain-independent using the mutual information between a 
feature and a domain label. Both unigrams and bigrams are considered as features to represent a review. Next, a 
bipartite graph is constructed between domain- specific and domain-independent features. An edge is formed 
between a domain-specific and a domain-independent feature in the graph if those two features co-occur in 
some feature vector. Spectral clustering is conducted to identify feature clusters. Finally, a binary classifier is 
trained using the feature clusters to classify positive and negative sentiment. 
 [15] introduces Wiktionary as an emerging lexical semantic resource that can be used as a substitute for 
expert-made resources in AI applications. They evaluate Wiktionary on the pervasive task of computing 
semantic relatedness for English and German by means of correlation with human rankings and solving word 
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choice problems. They apply a concept vector based measure to a set of different concept representations like 
Wiktionary pseudo glosses, the first paragraph of Wikipedia articles, English WordNet glosses, and GermaNet 
pseudo glosses. They show that: (i) Wiktionary is the best lexical semantic resource in the ranking task and 
performs comparably to other resources in the word choice task, and (ii) The concept vector based approach 
yields the best results on all datasets in both evaluations. 
 [12] proposed an automatic method for semantic labeling given data. Systems that automatically discover 
semantic classes have emerged in part to address the limitations of broad coverage lexical resources such as 
WordNet and Cyc. 
 [1] proposed an extension to the Structural Correspondence Learning proposed by them before. Automatic 
sentiment classification has been extensively studied and applied in recent years. However, sentiment is 
expressed differently in different domains, and annotating corpora for every possible domain of interest is 
impractical. They investigate domain adaptation for sentiment classifiers, focusing on online reviews for 
different types of products. First, they extend to sentiment classification the recently proposed structural 
correspondence learning (SCL) algorithm, reducing the relative error due to adaptation between domains by an 
average of 30% over the original SCL algorithm and 46% over a supervised baseline. Second, they identify a 
measure of domain similarity that correlates well with the potential for adaptation of a classifier from one 
domain to another. This measure could for instance be used to select a small set of domains to annotate whose 
trained classifiers would transfer well to many other domains aim to mine and to summarize all the customer 
reviews of a product.This Summarization task is different from traditional text summarization because they only 
mine the features of the product on which the customers have expressed their opinions and whether the opinions 
are positive or negative. They do not summarize the reviews by selecting a subset or rewrite some of the original 
sentences from the reviews to capture the main points as in the classic text summarization. Their task is 
performed in three steps: (1) mining product features that have been commented on by customers; (2) 
identifying opinion sentences in each review and deciding whether each opinion sentence is positive or negative; 
(3) summarizing the results. 
 [17] enhance holistic lexicon-based approach by adding fuzzy logic model to increase the accuracy of 
classification. It is based on the combinations of opinion words around each product feature in a review 
sentence. This methodology determines the strength of opinion orientation (very weak, weak, moderate, very 
strong and strong) on the product feature using fuzzy logic technique. At first the inputs should become as fuzzy 
data; In our method we have four inputs following as: adjective, verb, adverbs and noun which are known as 
opinion words. Special degree for each opinion word is associated by human expert. 
 Secondly, membership function (MF) is defined for finding membership value for each of the inputs. In this 
Triangular Membership Function is used. Rank of MF is decelerated by human experts; The linguistic variable 
used to represent them was divided into three levels: low, moderate and high. In the third step some IF THEN 
rules are used which give appropriate fuzzy orientation for the reviews. To compute final output, defuzzification 
function should be used to convert them into the crisp value and find the final sentiment orientation. 
 But major disadvantage in their system is that they manually assigned fuzzy Score for opinion words and 
they don‟t give much more importance to the bigram features in the review. We know that bigram features and 
linguistic hedges play a vital role in determining the sentiment of a review. They don‟t bother much about them. 
And for large scale, assigning the fuzzy score for opinion words is impossible. So, their efficiency is less 
compared to our system. 
 
Proposed work: 
 In this paper, we proposed a new technique for cross domain sentiment classification using fuzzy logic. We 
give much more importance to the linguistic hedges and bigrams extracted from the reviews. We choose to use 
SentiWordNet to improve granularity because it is an open source lexicon which contains lot of opinion words 
with their sentiment score according to the appropriate parts of speech. We are expanding the feature vectors of 
reviews during training and testing time. We tested our project for different classification algorithms like Naive 
Bayes, SVM, Logistic regression etc. But choosing L1 regularized Logistic regression algorithm is more 
efficient for classification than others. It is very useful in selecting subset of features for classification. L1 
regularization is shown to produce a sparse model, where most irrelevant features are assigned a zero weight [9]. 
We model the cross-domain sentiment classification problem as one of the feature expansion, where we append 
additional related features to feature vectors that represent source and target domain reviews in order to reduce 
the mismatch of features between the two domains. We map the domain specific words across different domains 
using domain independent words as bridge [11]. Still, no techniques are evolved for cross domain multi class 
sentiment classification using fuzzy logic. 
 
Semantic mapping: 
 Most language independent feature extraction algorithms are based on the presence or occurrence statistics 
within the corpus. We describe such an algorithm which is intuitive, computationally efficient, and does not 
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require either additional human annotation or lexical knowledge. As our target does not use lexical knowledge, 
we consider every word as one code word. The proposed method utilizes both labeled and unlabeled data 
available for the source domains and unlabeled data from the target domain. 
 
1. Feature Extraction: 
 For the creation of Enhanced Precise Sentiment Sensitive Thesaurus and final cluster, we use labeled data 
from multiple source domains and unlabeled data from source and target domains to represent the distribution of 
features. We use lexical elements and sentiment elements to represent a user review. After performing pos 
tagging on reviews, adjectives and adverbs are extracted as unigrams and noun with adjectives are extracted for 
bigrams. Hedges such as concentrators, dilators and inverters are considered before the adjectives and they are 
considered as linguistic hedges. Linguistic hedges play a vital role in multi-class sentiment classification. While 
extracting bigrams and linguistic hedges from the reviews, the POS format of the feature (bigram/linguistic 
hedge) is stored in a text file as “very excellent” ----“HDG ADJ”, “Sharp blade”----“ADJ NOUN”. Thus the 
lexical features and sentiment features are extracted from the reviews. 
 
2. Co-Occurrence Matrix creation:  

Co-occurrence matrix is the data structure which stores the co-occurrence information between two words. 
Co-occurrence is usually computed between the row elements and column elements. Row elements are lexical 
elements and Column elements are lexical and sentiment elements. Moreover row elements are domain 
independent lexical elements. Co- occurrence matrix records the frequency of co-occurrence of two words.  
 
3. Computing Similarity Distribution:  

The semantic frequency of the feature words can be calculated from eq (1)  

 
Where, 
̅̅̅̅N, is the number of classes. 
, is the number of times i-th term occurred in the j-th class; 
denotes the occurrence times of the i-th term in the corpus; and ∑ 
 

 
 
Fig  1: Architecture of Semantic Cluster. 
 

 
 
Fig. 2: Architecture of Training and Testing a Classifier. 
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ALGORITHM FOR SEMANTIC MAPPING: 
Step 1: At first, the labeled and unlabeled reviews of source domain and unlabeled review of target domain 
undergoes some preprocessing operations. 
Step 2: After preprocessing, only the adjective lemmas are extracted as unigrams and noun and adjective 
lemmas are taken for bigrams 
Step 3: Then construct the co-occurrence matrix for extracted lexical and sentiment elements. 
Step 4: Extract the Domain Independent (DI) words and record the occurrences of each DI words from the 
labeled reviews of all source domains. 
Step 5: Calculate the semantic frequencies of each DI words with respect to each category (Positive, Negative). 
Step 6: Perform clustering of DI words with respect to their probability values into three classes.  
Step 7: Computation of similarity measures used to measure the extent of similarity between two 
Features 
Step 8: Top K scored base entries are selected and create a dictionary of domain-specific words with highest 
similar DI word using similarity matrix. 
Step 9: Mapping of the domain-specific word to the cluster of the domain independent word. Step 10: Integrate 
the clusters of domain-specific and DI words to create final mapped semantically similar clusters. 
Step 11: For training, features are extracted from labeled reviews of source domain and augmented using 
obtained cluster to get a trained classifier. 
Step 12: The features are extracted from unlabeled reviews of target domain and tested using trained classifier. 
 
 Similarity measures are used to measure the extent of similarity between two words. Some of the famous 
similarity measures are cosine, Lin similarity measure. We use the similarity measure proposed by Danushka 
Bollegala [3]. Similarity measure depends upon PMI Point wise Mutual Information) value. PMI value in turn 
depends upon co-occurrence value. PMI value is a metric used in information theory for measuring Similarity. 
 
4. Construction of Enhanced Precise Thesaurus: 
 Next, for each lexical element we measure its relatedness to other lexical elements and group related lexical 
elements to create a sentiment sensitive thesaurus. The thesaurus captures the relatedness among lexical 
elements that appear in source and target domains based on the contexts in which the lexical elements appear 
(its distributional context). 
 A distinctive aspect of our approach is that, in addition to the usual co-occurrence features typically used in 
characterizing a word‟s distributional context, we make use, where possible, of the sentiment label of a 
document; i.e. sentiment labels form part of our context features. Unlabeled data is cheaper to collect compared 
to labeled data and is often available in large quantities. The use of unlabeled data enables us to accurately 
estimate the distribution of words in source and target domains. We extracted seed adjectives from the given 
reviews and consider them as input to the wiktionary. Glossaries of every seed adjectives are extracted from 
wiktionary with the help of java wiktionary library (JWKTL) and extract a set of semantically similar features 
from the glossaries of each adjective. Thus the thesaurus is enhanced by adding extracted features from the 
wiktionary. 
 
5. SentiWordNet Interpretation:  
 The sentiment scoreset for the extracted unigrams, linguistic hedges and bigrams are found from 
SENTIWORDNET and the average of each score value is assigned to that word. The scoreset of a feature is in 
the format as [Positive score, Negative score, Objective score]  
 
6. Modified Fuzzy Score Calculation for Linguistic Hedges and Bigrams:  
 The sentiment score for word phrases having hedges cannot be computed directly from the 
SENTIWORDNET. But we can modify the score that can be found from SENTIWORDNET according to the 
hedges. The modified fuzzy sentiment scores whose computation requires three steps:  
i) Identify the POS format of the feature using POS dictionary as we created during feature extraction.  
ii) Identify the polarity and initial value of the feature descriptors based on SentiWordNet score. 
iii) Calculate overall sentiment score using fuzzy functions to incorporate the effect of linguistic hedges. The 
linguistic hedge is in the format as: 
“Hedge*-descriptor (adjective)” 
 
7. k-means clustering:  
 We have to cluster the Domain Independent features (unigrams & bigrams) into five clusters. Already as we 
computed the fuzzy sentiment score for both unigrams and bigrams, we use them as input fuzzy membership 
values for each feature. The ideal mean value is given for the five clusters as {[0.0,1.0,0.0], [0.0,0.5,0.5], 
[0.5,0.5,0.0], [0.5,0.0,0.5], [1.0,0.0,0.0]} which represents {strong negative, weak negative, mixed, weak 
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positive, strong positive}. The K-means algorithm calculates the cluster label for each feature by comparing its 
fuzzy membership value against ideal mean values and chooses the cluster whose mean is very near to the fuzzy 
value of that feature. At the end of K-means clustering, all DI features are clustered and saved in a document as 
all the DI features with their cluster labels. 
 
8. Mapping of Domain Specific Features with DI Features:  

The Enhanced Precise Sentiment Sensitive Thesaurus is inverted such that now the Domain specific 
features are the base entries with their corresponding DI features. Now, the inverted thesaurus looks as “well-
researched” “excellent”:0.9 “good”:0.76 “great”:0.85 “very good”:0.9. Here we have to choose the most similar 
DI feature for each Domain specific features such that the DI feature which has the highest score is most similar. 
Then, the respective cluster label is got from the document saved in previous section. The same cluster label is 
also given to that Domain specific feature. So in above example for DS feature “well-researched”, the most 
similar DI feature is “excellent”. So we have to search the cluster label for “excellent” in initial cluster. The 
cluster label is found as “strong positive” for that. So, we have assigned the same label to DS feature “well-
researched”. Thus a final cluster is created which contains the Domain Specific features and DI features of both 
source and target domain.  
 
9. Training:  
 After the construction of the thesaurus and final cluster, we need to train the classifier. Classification 
algorithm we opt was “L1 regularized logistic regression algorithm”. We do so because this algorithm is 
effective in choosing a subset of features which will be useful for classification in target domain. This makes it 
distinct for cross domain classification purposes. We use the technique of feature expansion for training the 
classifier.  
 
Feature Expansion Technique:-  
i) Model the given review as BagOfWords (BOW) model.  
ii)  For each base entry in the thesaurus, the features in the BOW model is compared with neighbours of the 
base entry and base entries are scored according to the above scoring formula.  
iii)  Top K scored base entries are selected and appended to the BOW model. 
 
10. Testing:  

After training the classifier, the testing is done using target domain unlabeled reviews. For each reviews, the 
scoreset is calculated as follows 
i) Extract the features and their corresponding labels from the final cluster and store it in a separate dictionary 
(final cluster dictionary).  
ii)  Each review is tokenized and the necessary features are extracted as done for feature extraction.  
iii)  Each feature in a review is looked in the final cluster dictionary and the no of features present in the review 
is counted for each cluster label {strong negative, weak negative, mixed, weak positive, strong positive}.  
iv) The collection of counting of the features with respect to the different cluster labels of a review is the 
scoreset of the particular review like [n(sp), n(wp), n(sn), n(wn), n(m)] Where n(sp), n(wp), n(sn), n(wn), n(m) 
are the No of features of review is labeled as Strong Positive, Weak Positive, Strong Negative, Weak Negative, 
Mixed in final cluster dictionary.  
v) Finally the scoreset for all testing reviews are stored in review- scoreset dictionary. 
 
Performance analysis: 
 We have compared our results for different classifier algorithms. We found that L1 regularized Logistic 
Regression algorithm is the best classifier because it is very useful in selecting subset of features for 
classification. Accuracy of the different classifier algorithms is compared in Table 1. 
 
Table 1: Accuracy Comparison. 

Classifier Kitchen DVDs Electronics Books Music Video 
Naive Bayes 69.095 70.844 73.048 67.972 67.306 68.717 
Decision tree 61.005 59.625 60.629 59.874 62.051 60.51 

Maximum 67.728 71.260 68.386 69.632 65.590 62.722 
L1 76.88 74.17 76.57 72.672 70.92 71.28 

 
 The proposed method can learn from a large amount of unlabeled data to leverage a robust cross-domain 
sentiment classifier. The architecture and algorithm mentioned above clearly explains the mapping of DI and 
domain-specific words semantically using the semantic frequency formula. 
 The features extracted from unlabeled domains of source domain are augmented using obtained cluster to 
get a trained classifier. The features are extracted from unlabeled reviews of target domain and tested using 
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trained classifier. The output is tested against their labels to get the precision and recall result values. 
 
Conclusion & Future Work: 
 In this paper, we propose a general framework that creates a cluster of semantically mapped DI and 
domain-specific words to facilitate accuracy in cross domain sentiment classification. To overcome the feature 
mis-match problem in cross domain sentiment classification, we use labeled data from multiple source domains 
and unlabeled data from source and target domains to compute the relatedness of features and construct the 
cluster. The outcome of this research will be helpful in applying the above procedures to align the domain-
specific words from the source and target domains into meaningful clusters. 
 In this paper, we intent to implement cross domain sentiment classification through our method using 
benchmark dataset from amazon website. In future, we expect the accuracy of classification will be increased by 
taking sentiment values of opinion words (i.e. Adverb, Adjective and verb) taken from lexicons. 
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