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Abstract— Linguistics have been instrumental in developing a deeper understanding of human nature. Words are
indispensable to bequeath the thoughts, emotions, and purpose of any human interaction, and critically analyzing these
words can elucidate the social and psychological behavior and characteristics of these social animals. Social media has
become a platform for human interaction on a large scale and thus gives us scope for collecting and using that data for our
study. However, this entire process of collecting, labeling, and analyzing this data iteratively makes the entire procedure
cumbersome. To make this entire process easier and structured, we would like to introduce TLA (Twitter Linguistic
Analysis). In this paper, we describe TLA and provide a basic understanding of the framework and discuss the process of
collecting, labeling, and analyzing data from Twitter for a corpus of languages while providing detailed labeled datasets for
all the languages and the models are trained on these datasets. The analysis provided by TLA will also go a long way in
understanding the sentiments of different linguistic communities and come up with new and innovative solutions for their
problems based on the analysis.
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. INTRODUCTION few provide support for multilingual setups. A lightweight

library with functionalities aimed to ease usability and for

Language is the fundamental building block upon which
communication systems are developed [1]. Words are
necessary to understand the meaning and context of the
information being provided over any given subject.
Roughly around 6,909 languages are in effect today built
around the cultural evolution throughout human history
[2]. The largest spoken language Mandarin Chinese is
spoken by approximately 1.1 billion speakers. Given the
amount of information encoded in languages, it is a natural
measure to extract data from languages for analysis and to
gain a deeper insight into human nature. Twitter is one of
the most popular social media applications in use currently
[3]. Its popularity stems from the fact that it provides
functionality to its users to broadcast their thoughts within
a 280-character limit tweet. Twitter supports multiple
languages and has about 199 monetizable users registered
[4]. Hence Twitter can be described as a database
containing a great amount of data. This data can be
employed for a wide variety of applications. Machine
Learning may be applied to learn the semantics and
contexts of data hidden behind the words used [5].
Machine learning has been successfully applied in topics
ranging from Data Mining to sentiment analysis of
different spheres of Twitter [6]. It is also used for Auto-
correct applications, developing algorithms to detect
vitriolic and abusive messages, fraudulent-user-detection,
etc [7] [8]. However, reproducibility of such machine
learning techniques is seldom possible for different
contexts as topics on Twitter are highly variable. Machine
learning Libraries exist for data extraction and analysis but
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data extraction and analysis of Twitter data can be of great
use to harness the power of Twitter data. Implementing
such an easy-to-use library can encourage more researchers
from a myriad of fields to use textual data for their studies
without worrying about Natural Language Processing
(NLP). Such a highly scalable library has the potential to
improve and attract active contributors and can have
massive potential for growth. TLA aims to provide a
comprehensive Python library that includes functionalities
to extract, process, label, and analyze multilingual datasets.

Il. RELATED WORK

Linguistic sentiment analysis is ripe with opportunities that
can utilize the recent strides in the field of NLP.

Figure 1. Methodology of TLA
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There are several models that give a context based
understanding of textual data. Linguistic knowledge such
as part of speech and word-level sentiment polarity are
commonly used as external features in sentiment analysis
also it is known that parts of speech is shown to facilitate
the parsing of the syntactic structure of texts as shown in
Recursive deep models or semantic compositionality over
a sentiment Treebank [9]. Sentiment analysis: An overview
from linguistics highlights research studies that were
conducted for the contributions made by linguistic
knowledge to the task of automatically determining
sentiment [10]. Detailed Procedures for Pre-Processing the
texts retrieved along with a description of a supervised
machine learning model such as support vector machines
for sentiment classification has opened up the domain to a
considerable extent [11]. Methods relating to sentiment
analysis have been carried out for different languages, a
notable application being for the Spanish language has
been  implemented to  detect Adverse Drug
Reactions(ADR) from the texts processed from a corpus
taken from a Spanish social media sites[12] [13]. Multi-
class sentiment classification for certain languages have
been carried out and their delineation shows the robustness
of the solution up to a considerable extent [14].

I1l. METHODOLOGY

A. Extracting Data from Twitter

Twitter contains data in form of tweets. A tweet is a body
of characters with an upper limit of 280 characters. A tweet
can be composed in multiple languages and is unstructured
which makes it difficult to handle using conventional
methods [15]. To develop a python library containing
datasets, information from the tweets has to be extracted
and processed in python. To achieve this task we used a
library named snscrape that contains  different
functionalities to collect tweets from Twitter [16]. We
extract the required data by setting a minimum threshold of
9000 to filter out the current trending tweets on Twitter.
Subsequently we selected about 500 trending tweets for
each language that was included in our study.

B. Pre-Processing

Pre-processing was conducted on the accumulated data to
create a list of processed words the tweet contains. HTML
tags, Unicode characters, symbols, emoticons,
punctuations, stop-words, and hyperlinks from tweets were
removed to minimize the noise and optimize the semantic
and contextual words that help us get a better
understanding of the data. We used the python’s regex
module to substitute any occurrence of punctuation marks,
HTML tags, and hyperlinks with an empty string. Stop
words in the tweets were eliminated by comparing them
against the list of all stop words. We then created a list of
words all in lower case to complete our pre-processing
stage [17].

C. Creating Labeled Data-sets

To create labelled datasets, tweets were filtered with respect
to language and these were stored disparately according
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their language. We then processed each tweet to understand
the sentiment the tweet was trying to express and labelled
the respective tweet as Positive if it was trying to express a
positive sentiment and Negative if the tweet was trying to
express a negative sentiment respectively. The same
process was repeated for all the 16 languages to create
labelled datasets for the respective languages. This process
concluded extraction, pre-processing and labelling stages of
our life cycle and hence we proceeded to the next stage.
The languages are listed in the Table 1:

Table 1. Languages Supported by TLA

English Urdu
Chinese Hindi

Thai Indonesian
Russian Romainian
Dutch Japanese
French Persian
Portuguese Swedish

D. Language ldentification

We developed a Bert Based architecture to classify
languages based on the words contained in the tweet [18].
The trained architecture was then stored to save the trained
weights from our classifier so that it can be used easily for
inference. As Bert is quite a large architecture which
makes its training phase computationally intensive as well
as time consuming, a random forest model was also trained
for the same purpose so as to render a computationally
efficient architecture and this was saved as pickle file for
subsequent uses in inference [19].
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Figure 2: BERT Architecture
E. Analysis

The following analysis was done on the basis of the
extracted, processed and labeled tweets:
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Figure 3. Random Forest Classifier

Table 2. Analysis of Tweets

Total Positive Negative

Language Tweets o Tweets Tweets
ercentage Percentage

English 500 66.8 33.2
Spanish 500 61.4 38.6
Persian 50 52 48
French 500 53 47
Hindi 500 62 38
Indonesian 500 63.4 36.6
Japanese 500 85.6 144
Dutch 500 84.2 158
Portuguese 500 61.2 38.8
Romainian 457 85.55 14.44
Russian 213 62.91 37.08
Swedish 420 80.23 19.76
Thai 424 71.46 2853
Turkish 500 67.8 32.2
Urdu 42 69.04 30.95
Chinese 500 80.6 19.4

The above analysis reveals that the people tweeting in
Japanese have the highest positivity rate whereas Persian
and French tweeters have the lowest positivity rate among
all the languages. The analysis of this information from a
socio-economic perspective might exhibit the reasons for
this trend while making it possible to use these deductions
in actual use cases to solve real life problems in the
society. Based on the analysis it can also be observed that
linguistic communities prevalent in the European continent
generally show low percentage of positive tweets with
respect to all the analysed language.

IV. CONCLUSION AND FUTURE SCOPE
In this paper we delve deep into the linguistic analysis

according to the trending tweets and this pipeline makes it
very easy for researchers in different fields like
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psychology, social sciences to use the freely available
Twitter data in their studies to analyze the general
characteristics of different linguistic communities and
make the entire process of inference and analysis easier. It
will also help all the computer science researchers to
extract and label information in a hassle-free way and also
start with the baseline models provided in the library
instead of starting from scratch. The analysis provided by
TLA can be used by business professionals to identify
different sentiments of the different linguistic community
during different time periods and push such products at the
locations of those communities at those time periods to
maximize their outputs.
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