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ABSTRACT- Emotion analysis in text has become highly significant in obtaining useful information for studies on social
media. People frequently use mixed language when expressing their opinions in social media. Code-switching posts are
common on social media platforms where emotions can be expressed in either monolingual or bilingual. In this paper, a
joint factor graph model is proposed to address this issue. In particular, attribute functions of the factor graph model are
utilized to learn both monolingual and bilingual information from each post, factor functions are used to explore the
relationship among different emotions, and a belief propagation algorithm is employed to learn and predict the model.
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I. INTRODUCTION
Sentiment Analysis is also known as opinion mining, which aims to extract the sentiment information from
text, has attracted extensive attention in recent years. With the success of many large-scale online social
networks these years, such as Facebook, Tweeter, Weibo, social network has become a bridge between the
virtual web world and our daily life.

Sentiment Analysis is to detect the polarity of text in consideration in textual form. It is also known as opinion
mining as it derives the opinion of the speaker or the user about some topic. In other words, it determines
whether a piece of writing is positive, negative or neutral. For example, do people on Twitter think that
president Barrack Obama is doing his job properly or not? To find out the answer we can refer the social
networking site twitter. There are millions of opinions of people about Barrack.

Sentiment and emotion classification are two popular tasks in Natural Language Processing.  Specifically,
sentiment classification aims to predict the sentimental orientation (e.g., positive or negative) of a text while
emotion classification aims to recognize basic emotions in the text, such as expect, joy, love, surprise, and
hate. Both of them have attracted considerable interests due to their wide applications in natural language
processing. Sentiment classification has become a hot research topic in NLP community and various kinds of
classification methods have been proposed, such as unsupervised learning methods, supervised learning
methods, semi-supervised learning methods and cross-domain classification methods. Generally, sentiment
classification can be performed on four different levels: word level, phrase level, sentence level and document
level.

Fig1: Research Topics about Social networks
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Multilingual speakers often switch back and forth between languages when speaking or writing, mostly in
informal settings. The mixing of languages involves very elaborated patterns and forms and we usually use the
term Code-Switching (CS) to encompass all of them (Lipski, 1978). Before the Internet era, CS was mainly
used in its spoken form. But with so many different informal interaction settings, such as chats, forums, blogs,
and web sites like Myspace and Facebook, twitter, CS is being used more and more in written form.

This has chosen the Hindi-English language pair for code mixing. This is an interesting pair because Hindi is
the most commonly spoken language in India, and English is the official court language of the country. Code-
switching studies focused on identification and analysis, including mining translation in code-switching
document, predicting code-switching points, identifying code-switching tokens and code-switching support to
language model and developing POS tagging for code-switching text. Code-switched documents have also
received considerable attention in the NLP community. This has been reported in different natural language
processing tasks, such as parsing, information retrieval, text classification, and so on.

Today code-switching is generally recognized as a natural part of bi- and multilingual language use, even
though it historically often was considered a sub-standard use of language. Conversational spoken language
code-switching has been a common research theme in psycho- and sociolinguists for half a century. Regarded
cross-lingual sentiment classification as a domain adaptation task and applied structural correspondence
learning (SCL) to tackle this problem. This method achieves a better performance than the containing
algorithm and performed cross-lingual sentiment classification from a different perspective. Instead of using
machine translation engines, they used a parallel corpus to help perform semi-supervised learning in both
English and Chinese sentence-level sentiment classifications.

II. Code Mixed Social Media Text
Code-mixing is a linguistic phenomena frequently observed in user generated content on social media,
especially by multilingual users. Apart from the inherent linguistic complexity, the analysis of code-mixed
content poses complex challenges owing to the presence of spelling variations, transliteration and non-
adherence to a formal grammar. However, for any downstream Natural Language Processing task, tools that
are able to process and analyze code-mixed data are required. Currently there is a lack of publicly available
resources for code-mixed Hindi-English data, while the amount of such text is increasing. Creation of a
dataset that has code-mixed Hindi-English sentences along with the associated language and normalization
labels. To the best of our knowledge, our work is the first attempt at the creation of a linguistic resource for
this language pair, which is also made public. In this work, it is also present an empirical study detailing the
construction of a language identification and normalization system designed for this language pair

A. Annotation Pipeline
The base system used for the automated annotation pipeline, along with improvements that increased the
accuracy of our system. The original system performs shallow parsing on a code-mixed English-Hindi social
media sentence. It first tokenizes an utterance into words using Tokenize. Then, a language identification
module classifies each word as Hindi, English or Rest. Based on the language assigned, the Normalization
module runs the Hindi or English normalizes. In the next steps, POS Tagging and Shallow Parsing are
performed. We have followed their approach for tokenization, followed by the base system‘s Language
Identification module and an improved version of their Normalization module.

B. Pipeline Accuracy
The accuracy for Hindi and English normalization has been computed only over the words that were
incorrectly spelled in the dataset. Thus, our normalization module resulted in 11924 words correctly
standardized, out of 13311 total words of Hindi and English in the dataset. The overall module accuracy is
89.94%. The base system gave an overall accuracy of 83.54% for our dataset.

C. Manual Annotation Correction
Two annotators manually checked the results of the Language Identifier and Normalize and marked their
predictions for each word of the 1446 sentences. For Language Identification, inter-annotator agreement
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calculated. The inter-annotator agreement in case of Normalization was found to be 0.87. This is attributed to
the presence of ambiguities in the case of Normalization due to the lack of context in the sentences.

D. Language Identification Process
A vast portion of social media text is created by users accessing these platforms from mobile devices. As a
side-effect of using Facebook messenger for this study, our dataset exhibits the characteristic properties of text
content created from mobile devices. We observed that the auto-correct on mobile devices led to a Hindi word
being auto-corrected to a similarly spelled English word. The following is an example from our dataset.

Sentence: So I thought maybe tu yard kar rahi ho

Gloss: So I thought maybe you(tu) remember(yaad) do(kar) continuous-marker(rahi) is(ho).

Translation: So I thought maybe you were remembering

In the above example, the correct Hindi word for ‘remember’ is ‘yaad’, but it has been auto-corrected to
‘yard’, which is an English word for a unit of distance. This word was identified as an English word by the
Language Identifier.

III. Joint Factor Graph Model With Bilingual And Emotional Information
The Factor Graph Model (FGM) is one kind of probabilistic graph model which has been proven effective in
representing and optimizing the graph structure. Most of the work on the factor graph model focuses on social
network analysis. The problem is that since text in social media is relatively informal, additional work is
required to improve the performance of the translation model and language model. Moreover, exploring
relationships among emotions in a single post and learning both bilingual and emotional information
collectively also pose extra challenges to emotion detection. (JFGM) implementing the uniform framework to
predict emotions in code-switching text by considering both bilingual and emotional information. In
particular, the factor functions were proposed to connect different emotions within a single post by
considering the emotional relations. The attribute functions were proposed to connect the Chinese and English
texts by considering the bilingual information between them. Finally, the factor graph model was proposed to
incorporate both factor functions and attribute functions to a uniform framework to learn the emotion
prediction model collectively.
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Fig2. Factor Graph Model

To better understand our model, an example is given in Fig5. There are four nodes are represented as tweet
that is V1 to V4 and other four nodes are represented as emotion that is Y1 to Y4. For example, f(v11, yi)
denotes the set of local textual attribute functions of yi. We also have two pair wise relationships (e.g.(y2, y4 ),
(y3, y4 )) based on the structure of the input network. For example, g(y3, y4 ) denotes emotional connection
between y3 and y4.

A. Belief Propagation: It is also known as sum-product message passing. This algorithm is performing
interface on graphical model. Belief Propagation is a dynamic programming approach to solve conditional
probability queries in a graphical model.

B. Comparison With Baselines: The purpose of the first experiment is to investigate whether our proposed
approach was able to improve emotion prediction in code-switching text. For fair comparison this following
models are taken for the implantation.

The Max Entropy classifier is a probabilistic classifier which belongs to the class of exponential models.
Unlike the Naive Bayes classifier that we discussed in the previous article, the Max Entropy does not assume
that the features are conditionally independent of each other. The MaxEnt is based on the Principle of
Maximum Entropy and from all the models that fit our training data, selects the one which has the largest
entropy. The Max Entropy classifier can be used to solve a large variety of text classification problems such as
language detection, topic classification, sentiment analysis and more.

C. Maximum Entropy for Text Classification: In most natural language tasks using maximum entropy the
features are naturally binary features. In text classification, we expect that features accounting for the number
of times a word occurs should improve classification. For example, naive Bayes implementations that use
counts outperform implementations that do not. Note that we use scaled counts as features instead of simple
counts. We initially choose this representation for computational efficiency, as it lets us perform each (IIS)
iteration in closed form.

1. Maximum Entropy (ME) is the basic model which uses all the Chinese and English texts of each post as
features to train a ME classification model.

2. ME-CN considers only the Chinese text of each post function as a feature to train a ME classification
model.
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3. ME-EN considers only the English text of each post function as a feature to train a ME classification
model.

4. ME-Bilingual means using a Maximum Entropy model by the bilingual information in code-switching
text for predicting emotion.

5. FGM-Emotion means only considering the relations between emotions on the factor graph model. Note
that when the factor graph model does not consider the emotion relations, the graph model would regress
to the maximum entropy model.

6. JFGM is our proposed joint model which uses the factor graph model to learn and predict emotion in
code-switching posts by considering both bilingual and emotional information collectively.

IV.CONCLUSION
Emotion detection in code-switching text researches have mainly focused on analyzing emotions in
monolingual text. However, code-switching posts are common on social media platforms where emotions can
be expressed in either monolingual or bilingual. The major challenges of emotion prediction in code-switching
text are the need to explore the bilingual information of each post and connect different emotions in a single
post using joint factor graph mode and belif propagation algorithm for predicting bilingual text.
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