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Abstract 

Sentiment analysis which often goes by the name opinion mining is one of the prominent field in lots of research is going on due 

to its endless application like social media monitoring, product reviews etc. But due to the prominent use of social media the use 

of multilingual statements has become most common as user tends to in their own comfort zone. These multilingual statement 

arises due the use of more than one language to make a statement. Due to lack of clear grammatical structure it is very difficult to 

find correct sentiment out of it. We present some techniques which can be used to analyse these multilingual statement correctly. 
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________________________________________________________________________________________________________ 

I. INTRODUCTION 

Increase in the access to Internet, has shown a vast growth of the volume of user generated contents on the Web. The diversity of 

topics covered by this data in the new textual types such as blogs, microblogs, has been proven to be of tremendous value to a 

whole range of applications, in Economics, Social Science, Political Science, Marketing, to mention just a few. Automatic 

language processing and understanding of social media content is attracting a lot of attention in the field of language processing. 

Although English is most commonly language used on the social media. Hong at al. (2011) examined the 62 million tweets and 

found that only half of the tweet are in English. So there vast area in the area of sentiment analysis area which is uncovered. 

Sentiment analysis is hard problem but more even difficult when user try to express their view in mixed form. Although many 

method have been developed but most of them suffer due the lack of external tool which are required for sentiment analysis and 

some of the conflicting statement [2]. Multilingual sentiment analysis became even more difficult as the resources required are to 

be built from scratch. Due to vast increase in the user generated multilingual content on social media and lack in automated 

mechanism to detect it the Natural Language processing (NLP) community has trying to develop new method to deal with this 

phenomenon and find hidden sentiment out of it. This paper mainly comprises of various technique used for the multilingual 

sentiment analysis and its comparison. 

II. SENTIMENT ANALYSIS APPROACHES 

Multilingual sentiment analysis can be categorized into mainly two forms i.e. using machine learning approach and using the 

lexicon approach 

 Machine Learning: 

Sentiment analysis very hard problem but it became even more difficult when the statement is expressed in more than one 

language. As there is no specific structure for the multilingual statement and ambiguity. Here we are going to discuss the 

supervised approach of sentiment analysis 

 Feature Selection 

This phase can be considered as the pre-processing stage. In this phase the noise in the data is to be removed and the sentence are 

made syntactically and lexically correct. In this phase we recognize the entity which is our area of interest or rather we can 

represent the statement by feature vector or by some numerical features such as frequency, weight etc. these feature can be 

classified as  

1) Unigram: These can be simply classified as words or token that makes the vocabulary of the sentence. The words or tokens 

are not the stop words. 

2) Stems: It is a base part of the word which can be obtained from removing the common morphological and inflexional 

endings. There are many algorithm which can be used for stemming.4 

3) Negation: It is the most essential part or feature which effect the polarity of the statement. There can different negation 

handling technique for different language but it become even more tedious due the presence of multilingual statement. One 

of the trivial solutions for negation detection is using the n-gram technique or tagging each word after the punctuation after 

negation until the punctuation. 
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4) Disclosure feature: Many sentences the more than one sentiment out of which one of the sentiment is more important which 

can be recalled by the disclosure-based connecters. A list of most of its common expression list can be constricted for each 

language and can be used. For each expression in this list can be recorded and depending upon that phrase where the 

sentiment s important or not 

5) Depth Difference: The difference in the depth between the word feature and the entity of interest determine the feature 

weight which is inversely proportional to depth difference 

6) Path Difference: In a parse tree graph the word feature is inversely proportional to the length of path between the entity of 

interest and feature using BFS (Breath First Search). 

7) Simple Distance: it is the inverse of the weight of a word in which is inversely proportional to its distance to the entity of 

interest in the statement. 

 Language Particulars 

This step requires the particular of the multilingual language in consideration. In this step we annote the language in 

consideration for proper feature selection.  One language can be richer in vocabulary than the other for example the Dutch 

language require more knowledge of verbs and compounded verbs than English. So these factors are to be considered for a 

particular language. There can be some of the sentiment indicating words which can constructed from the corpus of that 

particular language. 

The pre-processing of a particular language needs knowledge for handling key part and phonetic languages. The negation 

handling is also different for different language for example a particular language the negation in a particular language means 

negating the whole part after the negative statement while in other language it means negating the statement before and after  the 

punctuation mark. There also difference how the express their emotions about the topic it also different in different language. 

Consider this feature section technique depending upon the language. Find the feature which are more discriminant for a 

particular class of language. 

 Machine Learning Technique  

In this section we discuss the supervised classification algorithm that used to recognize the sentiment of the statement. These 

classification algorithms use the feature vectors and binary values for classification. 

a) Support Vector Machine (SVM): 

It constructs a hyper plane with maximal Euclidean distance to the closest training. This can be seen as distinct two separating 

hyper plane. Two parallel hyper plane at each side represent the boundary of the one class of feature set. It is assumed that best 

generalization of the classifier is obtained when this distance is maximal. If the data is linearly not separable, a hyper plane will 

be chosen that splits the data with the least error possible. An SVM is known to be robust in the event of many (possibly noisy) 

features without being doomed by the curse of dimensionality and has yielded high accuracies in sentiment classification 

b) Naïve Bayes: 

It used Bayes rule as its main equation under the assumption of conditional independence i.e each feature is assigned to 

individual class of feature and are independent of each other. It constructs a model by fitting a distribution of number of 

occurrence of each feature for all the document. This algorithm has simple implementation, has computational efficiency and a 

straightforward incremental learning. 

c) Maximum Entropy: 

It preserves the more uncertainty as possible. This algorithm compute a models in which each feature correspond to a constraint 

in it from the training set. The model with the maximum entropy which satisfy all the constraint in the computed models are 

selected. This model compute good results even if the information is incomplete. 

 CASCADED MODELLING 

 
Fig. 1: Instantiation of the cascade model  
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The model which is to be used for the multilingual sentiment analysis should be cascaded one as the task can be more 

complex. The cascaded model leads to breaking of the complex task to subtask. The model can differ as per the parameter and 

the need of classification. It provides a pipelined structure which provides output of one stage as input to other stage. 

 ACTIVE LEANING 

The supervised approach of learning needs human intervention to do the effective classification. The number of annotations 

required to predict the class increases with the amount of different patterns present in the language. The main work of active 

learning is to increase the effectiveness of classification with minimum requirement of annoted learning data. So some of the 

active learning methods are 

a) Uncertainty sampling 

In this sampling technique that sample is selected for sampling which is the most uncertain for the currently trained classifier and 

are labelled. This labelled sample set is then added to the training set in order to increase the efficiency of the classifier. This 

uncertainty measure depends upon the classification method used. For example for SVM the sample having minimum distance to 

the boundary of the separating plane will be selected and added to the training set. 

b) Relevance Sampling 

In this technique the sample which are more likely to be the part of the class member are selected and added to the training data 

set. For in case of naïve bayes classification the sample with most certainty are selected and added to the list of training set. 

c) Kernel Farthest first 

The geometrical distance in the feature space gives more valuable information. The example with is farthest from the set is 

chosen for labelling. The farthest can be defined as  

√K(x, x) + K(y, y) − 2 ∗ K(x, y) 

 Lexicon Based Approach: 

The lexicon based approach uses the use the sentiwordnet for the sentiment analysis. In this technique the language of the 

document is determined and if the language in not English then it is translated into English using standard translation technique. 

And then the document is classified into the Sentiment Class 

 
Fig. 2: A lexicon based Model 

These steps can be discussed as follows. 

 Language Classification 

The language classification can be done by various tools or by using the language model specific to that language. For the proper 

language classification n-gram model specific to that language is needed to be built from a training set of data. To classify the 

document a language model is compared with that document. The category to which it is more similar that category is assign to 

that document. 

 Language standardization 

We can use  different language standardization tool for proper language translation for  example PROMT eXcellent Translation 

(XT) can used to translate language such as Spanish, Italian, French, Portuguese  and Russian to English. These tool ensure that 

the translated language is correct. 

 Sentiment classification 

The document polarity is calculated from the sentence polarity. So the document is first subdivided into sentence and the sentence 

polarity is calculated by the means of SentiWordNet. Each word in the sentence are stemmed and tagged, stop word are removed 

using stop word list. Stemmed word having tags “adjective”, “verb” or “noun” are looked up in the SentiWordNet. The score of 

each document is calculated and according to a classification rule it is classified for example the document whose positive score is 

larger than or equal to negative is considered as “Positive” otherwise “negative”. 
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III. CONCLUSIONS 

In this paper, we did a study of various ways for multilingual sentiment analysis. We surveyed the machine learning and lexicon 

based approaches for multilingual sentiment analysis and combining a suite of exiting technology, translation software can help 

analyze multilingual sentiment in a better way. We survey features of a particular language to be considered while doing 

multilingual sentiment analysis and the active learning using various sampling technique.  
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