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ABSTRACT

Short text communication via microblogging platforms like Twitter  has become the norm in
today’s fast-paced world. These platforms have a global reach; thus, usage of multiple languages
(including region-specific languages) is common. Language detection is an important task that
finds its application in several NLP tasks as data is available for further analysis, only once its
natural  language  has  been  detected.  In  our  work,  we  have  analysed  and  compared  the
performances  of  two  major  state-of-the-art  models,  which  are  Naive-Bayes  and  Logistic
Regression for identification of the natural languages, on short-text data. Both the models were
trained on a dataset from Kaggle, which made them capable of detecting 22 languages. They
were compared on different parameters like accuracy, precision, recall, and f1 score, and it was
learnt that Logistic Regression works better on relatively small datasets like ours. 

Keywords: Natural language Processing, Language Detection, Logistic Regression, Naive Bayes.

INTRODUCTION

Globalization  has  altered  our  lifestyles  in  unfathomable  ways.  This  includes  giving  rise  to
multilingual societies and widespread acceptance of them. In today’s age and time, social media
is not just a platform to view a few posts or texts and make acquaintances anymore, it has started
a revolution and has redefined the way we view communication. People across the globe are a
part of this revolution, and the growth of these social media platforms is possible only if they are
inclusive of people from all regions and different languages. As a result, an enormous amount of
data  has  been  generated  due  to  the  adoption  of  several  languages  on  social  media  and
microblogging sites.

Language  detection  is  viewed  as  the  task  of  identifying  the  natural  language  of  the  textual
content. Majority of the NLP tasks perform better on a monolingual dataset. Language detection,
thus, becomes necessary for carrying out those tasks hassle-free and for saving time. The success
of  language detection  is  dependent  on the corpus,  which is  essentially  a  huge text-language
resource.  The  more  exhaustive  the  corpus,  the  larger  the  chances  of  input  language  being
detected correctly. However, the limitation arises when the input data is a short text, especially
one found on social media platforms, as they might contain words that aren’t a part of the usual
long-text  corpus.  The  language  detection  of  short  texts  like  Tweets  becomes  even  more
necessary because Twitter is a common platform for expressing opinions and emotions in the
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context of socio-political events, international affairs, sports, and entertainment. With over 200
billion tweets a year, Twitter generates massive amounts of data that can be studied for tasks like
sentiment analysis.

Baldwin et al. [1] describe in detail the different models used for language detection, and which
thrives  better  in  various  scenarios.  The  models  under  consideration  are:  Nearest-Neighbour,
Naive-Bayes, and Support Vector Machine. It is concluded that for large text datasets, 1-Nearest
Neighbour  Model  with Cosine  Similarity  would suit  the  best.  In  [2],  two methods used  for
language detection  of short  texts  like tweets,  which are ranking-based and Naive-Bayes,  are
compared.  It  is  concluded  that  the  Ranking-Based  method  is  more  successful  for  smaller
datasets,  while  Naive  Bayes  suits  larger  datasets.  Shukla  et  al.  [3]  have  presented  a  new
attention-based  model  using  an  implicit  approach  (having  speech  as  input).  With  93.7%
accuracy,  the  model  bypasses  the  traditional  method  using  log-Mel  spectrogram images  for
input.

Konthala Yasaswinin et al. [4] utilized various network architects such as multilingual BERT,
XLM-RoBERTa, CNN, etc., for language detection on social media posts in Tamil, Malayalam,
and Kannada, concluding that fine-tuning transformer models lead to higher performance. Using
an alphabet-based method and a linear  method that  integrated three models,  Wang et al.  [5]
discussed a language detection model. The model exhibited an absolute accuracy of 10.08% to
18.19% over 27 language test sets of varied lengths. Swanson et al. [6] examined DoubleDOP
and  Bayesian-induced  characteristics  to  identify  native  language.  According  to  the  results,
Bayesian  Tree Substitution  Grammar  produced the best  outcomes since its  features  had less
redundancy  and  improved  classification  accuracy.  In  [7]  Thoma  et  al.,  elaborated  on  the
language identification benchmark dataset released in 2018, called WiLI. It contains texts from
Wikipedia of 235 languages and is a classification dataset. The dataset is updated every year as
new and modern vocabulary is introduced. 

Baldwin et al.  [8], introduced a method to detect multiple languages in a document, for both
augmented  as  well  as  pre-existing  data.  This  method  detects  languages  in  a  multilingual
document based on the data of a monolingual dataset, as it is available surplus. In addition to the
language, the method also provided the proportion of the languages present in it. An architecture
consisting of a CNN with different outputs for minimizing the classification error was developed
in [9]. According to the study, the proposed network used fewer parameters than the standard
word embedding. 

Emojis  that anticipate  the usage of harsh language,  such as the puking emoji,  were used by
Wiegand et al. [10] to create a lexicon of abusive language. To identify the usage of abusive
language, they presented a distant supervision approach. The study showed that emojis can also
help in clarifying ambiguity in potentially offensive words. To identify the abusive language in
Bengali,  an automatic  model  utilizing  several  identifiers  including SVM, Multinomial  Naive
Bayes, and CNN with LSTM was introduced by Chakraborty et al. [11]. The SVM classifier
displayed maximum accuracy of 78% on the dataset.

People  in  multilingual  countries,  particularly  the  younger  generation,  frequently  combine
multiple languages in a single utterance. This is known as Code-mixing. Language detection and
code-mixing are important tasks of NLP.

Jayanthi et al. [12] discussed how CODEMIXEDNLP, an open-source library in NLP provides
various tools like data augmentation, transliteration, and ready-to-use models for code-mixing.
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Silvia et al. [13] employed ensemble-based models to detect foul language in postings on social
media that were written in Malayalam code-mixed, Tamil code-mixed, and Tamil script-mixed
varieties of Tamil in order to investigate the value of character-level features.

Shrivastava et al. [14] presented a hybrid architecture for semantic, syntactic, morphemic and
sentiment detection in English-Hindi code-mixed data utilising CNN and dual encoder networks
which showed an accuracy of 83.54%. Ma et al. [15] created a novel method with weighted loss
of various multilingual models that was focused on the complexity of code-mixing phrases for
the  sentiment  analysis  in  SemEval-2020,  appropriate  for  situations  when  the  distribution  of
several languages in the data is unbalanced.

The code-mixed data being spoken language phenomena is not easily available and many times
contain  non-standard  spellings  and  other  issues.  Therefore,  synthetic  code-mixed  data  is
generated from two languages through various models. To create SCM data, two replacement-
based algorithms (lexical and syntactic) to train data augmentation were introduced in [16] and in
[17] Kodali et al. introduced a system to predict the Quality and Disagreement scores when they
are provided with code-mixed sentence. Kodali et al. [18] studied the English-Hindi code-mixed
datasets from a syntactic lens using character level BiLSTM Language ID tagger and PoS tagger
with  help  of  models  like  XLMR  (showed  best  result),  Mod.  mBERT.  Sitaram  et  al.  [19]
experimented  to  identify  an  utterance's  switching  style  from its  acoustics,  and  then  used  a
particular language model or adaptation technique to interpret the speech.

A  deep-learning-based  architecture  to  capture  incongruity  in  code-mixed  data  and  find
incongruity through sub-word level embeddings was introduced by Shah et al. [20]. Barman et
al.  [21]  offered  a  dataset  of  Facebook  comments  in  Bengali-Hindi-English  and  conducted
experiments  that  identified  language  at  the  word-level,  utilising  methods  including  an
unsupervised  dictionary-based  approach  and  sequence  labelling  with  Conditional  Random
Fields. In their work Winata et al. [22], compared multilingual models' performance in code-
switched  NLP  tasks  to  that  of  already-existing  bilingual  and  multilingual  meta  embedding
procedures. According to the results, pre-trained multilingual models outperform naturally code-
switched models by producing outcomes that are comparable to or even superior.

With a word accuracy of 81.07%, a continuous speech recognition system with a vast vocabulary
for  Cantonese-English  code-mixing  utterances  was  introduced  in  [23].  Using  BERT  and
BiLSTM  (Bidirectional  Encoder  Representations  from  Transformers),  Huang  et  al.  [24]
discussed sentence boundary detection and approached it as a sequence labelling problem. For
single word or phrase code-switching utterances, Chan et al. [25] proposed a method to identify
language borders in Cantonese-English code-mixed language that demonstrated an accuracy of
75.12%.

Various ML algorithms for language detection were used on short social media text messages
and compared [26].  The results  demonstrate  that  the modified  Kneser-Ney smoothing in the
probabilistic model produced the best results, and the inclusion of information about the user's
interface language and previous language use enhances the probabilistic model's classification
accuracy.  Rijhwani et  al.  [27] introduced a Generalized Word-Level  Language Detection,  an
innovative unsupervised word-level language identification method for an arbitrary number of
languages without any manually annotated training data with an accuracy of 0.963. The metrics
on the code-mixed text  of the combined learning models  [28] with the POS tagging and LI
conditioned on each other were superior, which helped in diversifying the learning scope. Santy
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et al. [29] concluded that fine-tuning models like mBERT and XLMR when fed with code-mixed
data contribute significantly to the response of attention to stimulus-like code-mixing. This is
carried out by quantifying the excitement and thus differentiating the response to monolingual
and code-mixed data.

The task of finding language on a set of data is known as language detection in natural language
processing. Since the 1960s, language detection has been investigated, but research on brief text
data  collected  from social  media  platforms  like  Twitter  has  been limited.  Various  language
detection algorithms and models are introduced for this task, but it is important to find the most
effective and efficient method.

In this paper, we have created a comparison between two different language detection methods
(Logistic Regression and Naive Bayes).

MATERIAL AND METHODS

The study's main objective was to examine how Naive Bayes and Logistic Regression models
performed when used on short text data, such as tweets. Both are standard linear classifiers used
for several machine-learning tasks. 

Naive Bayes

Using Bayes'  Theorem of Probability  as its  foundation,  the Naive Bayes is  a model  used in
machine learning. It is primarily utilized for classification tasks. It is given by the following
equation:

Formula 1.  Bayes’ Theorem

Probability  of  A,  under  the  presentence  that  B has  occurred,  can  be  computed  with  Bayes’
theorem. The theory takes the premise that the occurrence of one feature is unaffected by the
occurrence of other features and that the predictors are independent. As the number of features
increases, the expression takes the form of:

Formula 2.  Bayes’ Theorem for n features

where x1, x2, x3,....xn represent the features.

There exist 3 major types of Naive-Bayes models, namely Multinomial NB where the occurrence
of words in the document is used as the basis for classification, Gaussian NB wherein the values
are not discrete and the distribution is normal and lastly Bernoulli NB in which the predictors are
binary. For our study, we use the multinomial Naive-Bayes model. The application is facilitated
by the scikit-learn library, which stores this model under the MultinomialNB classifier. 

Research Cell: An International Journal of Engineering Science, Special Issue March 2023, Vol. 35, 
A Peer reviewed and refreed journal, UGC Approved Journal (S.No.63019) (till May 2018)

ISSN: 2229-6913(Print), ISSN: 2320-0332(Online), Web Presence: http://ijoe.vidyapublications.com
© 2023 Vidya Publications



43
 Devendra Kumar Tayal, Yashima Hooda, Diksha, Aananya Nagpal

Logistic Regression

This model predicts the probability of an outcome, based on the given independent input dataset.
There is a relationship of non-linearity between independent and dependent variables. In logistic
regression, a logit relationship/transformation has been defined which is represented by:

Formula 3.  Logistic function for LR

where P is the probability of a successful output and a and b are the model parameters. Here, P is
the dependent response to the independent variable (X). The range of values is from 0 to 1. There
are 3 types of Logistic Regression models which are Binary LR (i.e., only 2 permissible outputs:
0 and 1), Multinomial LR (More than 2 categories, but unordered), and Ordinal LR (More than 2
categories, but ordered). This model is categorized under supervised ML models. The use of this
model is aided by the scikit-learn library, which stores this model under the Logistic Regression
classifier.

PROCESS

The process of language detection via both models has progressed in the following manner:

Pre-processing the data

For the models to successfully be implemented on the data provided, the data must be uniform.
Pre-processing of data ensures that the data fed into the models satisfy the specifications. E.g.:
As the model detects an individual language at a time, thus removing common English words
present  in  the  data  of  non-English  languages  can  be  done  to  eliminate  confusion.  Special
characters and numbers are also removed from the data.

Splitting the training and testing data

This step is carried out as it is used in assessing the performance of regression or classification
models, like logistic regression and Naive-Bayes. The data is split into two categories: testing
data and training data. Success rate of the model trained via the training data is computed while
testing with the test data.

Constructing the model

The classifiers of both the models: MultinomialNB and LogisticRegression are used along with
vectorizers like CountVectorizer or TfidfVectorizer to build a model via a pipeline. The training
data gathered in the previous stage is used for training the model.

Applying the model to the tweet’s dataset

The data frame of the tweet’s dataset [30] is subjected to the model. The language of that tweet is
detected by the model.
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RESULT AND ANALYSIS

Result

In our work, we have compared the two methods, that are Naive-Bayes and Logistic Regression
primarily based on accuracy score. Accuracy score is one of the common metrics for evaluation
of machine learning models. It is typically the ratio of true positives and negatives to all positive
and negative outcomes. Simply, it determines the correctness of a model.

Formula 4.  Accuracy score

The accuracy score is a function under the sklearn.metrics module. Its output is the total number
of true positives. Accuracy score is the most intuitive parameter. Along with the accuracy score,
the classification report for the two methods was also generated. The classification report is a
compilation  of  4  parameters:  Recall,  Precision,  F1-score,  and  Support,  all  of  which  are
determining factors  in  the  effectiveness  of  the model.  The ability  of  the  model  to  find  true
positives from all the positives generated, which includes true positives as well as false negatives
is known as recall.

Formula 5.  Recall

Precision is the capability of the model to successfully predict outcomes. It can be defined as the
ratio of true positives to all positives generated. 

Formula 6.  Precision 

F1-score  is  an  effective  parameter  for  assessing  the  quality  of  the  model  as  it  gives  equal
importance  to  both  the  parameters.  It  is  generated  by  taking  the  harmonic  mean  recall  and
precision. 

Formula 7.  F1-score

On comparison of these classifiers for random tweets, they generated the following results.

 Table 1.  Example test cases.

Tweet Naive Bayes Logistic Regression

:    ” پاره!     د انو
�

یوګ ویډ� د� لن د ائ ځ� نوی زیرې
ه  کر� کلیک

https://m.me/115050183665423
https://m.me/1945447575535793"

via @pashto
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"एक परीक्षा परूी जि#ंदगी होती है क्या?
#ी नही…ं आइए, ‘परीक्षा पे चचा2’ में
तनावमुक्त परीक्षा की बात करें ।" via

@narendramodi

"Have a wonderful Lohri! May this
festival deepen the spirit of

harmony in our society. May there
be happiness all around."

via @narendramodi

Analysis

On comparison of the Naïve-Bayes and Logistic Regression classifiers, trained on a dataset of 22
languages,  they  produced  an  accuracy  score  of  0.9775482093663912  for  the  Naive-Bayes
classifier  and  0.98290909090909  for  Logistic  Regression.  As  evident,  Logistic  Regression
performs better than the Naive-Bayes method on small datasets. Accuracy score is used as a
parameter to compare the two methods as it is an intuitive and complete parameter.

This language detection dataset [31] is chosen for training the classifiers as it stores data for 22
diverse languages, like Hindi, Arabic, Tamil, Estonian, Pushto, Romanian etc.

Classification report for the two methods is also generated. Table 2 shows a comparison between
them.

Table 2.  Classification report.

Naive Bayes Logistic Regression

precision recall f1-score support precision recall f1-score support

Arabic 1.00 1.00 1.00 341 1.00 1.00 1.00 249

Chinese 0.99 0.98 0.99 317 0.98 0.98 0.98 254

Dutch 0.98 0.98 0.98 346 0.98 0.99 0.98 268

English 0.73 1.00 0.85 333 0.83 0.99 0.90 239

Estonian 1.00 0.96 0.98 338 0.99 0.96 0.97 248

French 0.96 0.99 0.97 324 1.00 0.99 0.98 239

Hindi 1.00 0.98 0.99 341 1.00 1.00 1.00 264

Indonesian 1.00 0.95 0.97 318 1.00 0.98 0.99 258

Japanese 1.00 0.99 0.99 328 1.00 0.99 1.00 250

Korean 1.00 0.99 0.99 325 0.96 0.99 0.99 246

Latin 0.99 0.91 0.95 346 0.99 0.93 0.94 260

Persian 0.99 1.00 1.00 323 0.97 1.00 0.99 242

Portuguese 0.99 0.94 0.96 318 1.00 0.97 0.97 256

Pushto 1.00 0.96 0.96 328 1.00 0.96 0.98 255

Romanian 1.00 0.98 0.98 324 0.98 0.98 0.99 247
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Russian 0.99 1.00 0.99 332 1.00 1.00 0.99 249

Spanish 0.98 0.99 0.99 322 1.00 0.98 0.99 238

Swedish 1.00 1.00 0.99 317 1.00 1.00 1.00 229

Tamil 1.00 0.98 0.99 330 1.00 1.00 1.00 253

Thai 1.00 0.98 0.99 335 1.00 0.98 0.99 250

Turkish 1.00 0.98 0.99 327 1.00 0.99 0.99 246

Urdu 1.00 0.98 0.99 347 1.00 0.98 0.99 260

Accuracy 0.98 7260 0.98 5500

Macro Avg 0.98 0.98 0.98 7260 0.98 0.98 0.98 5500

Weighted 
Avg

0.98 0.98 0.98 7260 0.98 0.98 0.98 5500

As evident, the values for the classification report parameters are similar for both methods. Thus,
the report  cannot  be an exhaustive parameter  for comparison.  The accuracy score,  however,
gives a clear picture of Logistic Regression performing better than Naive-Bayes on our dataset.

A visualization of the output data generated by the two methods gives a better perspective of the
relationship between the variables and the pattern.

A heatmap is  one such form of visualization  that  depicts  the more important  data  in  bright
colours and less important with darker colours. The use of heatmaps is facilitated by a Python
library  called  Seaborn,  which  uses  Matplotlib  as  a  base  to  present  more  visually  appealing
graphs. Matplotlib is the most used Python library for creating visualizations.

Confusion  matrix  acts  as  a  parameter  for  assessing  the  performance  of  a  machine  learning
algorithm. Its structure is obtained from the different permutations of predicted and actual value,
which are True Positives (predicted true, actually true), False Positives (predicted true, actually
false),  True  Negatives  (predicted  false,  actually  false),  and False Negatives  (predicted  false,
actually true).

Fig 1. depicts the heatmap of the confusion matrix of Naive-Bayes method, while Fig 2. depicts
the heatmap of the confusion matrix of Logistic Regression.
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Figure 1.  Heatmap of Naive Bayes

The above heatmap is the prediction of true positives of language prediction of each language by
the Naive-Bayes method.
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Figure 2.  Heatmap of Logistic Regression

Fig.  2  projects  the  true  positives  of  language  prediction  of  each  language  by  the  Logistic
Regression method.

CONCLUSION AND FUTURE WORK

In  this  paper,  we  have  compared  Logistic  Regression  and  Naive  Bayes  to  identify  natural
language of short-text, trained on a dataset obtained from Kaggle [32]. On implementing both the
methods and creating  their  classification report,  we observed that  both the Naive Bayes  and
Logistic  Regression  showed  similar  values  for  classification  report  parameters  like  recall,
precision, and f1-score. However, on computing the accuracy scores of the two methods, which
is  0.9829  for  Logistic  Regression  and  0.9775  for  Naive-Bayes,  we  realized  that  Logistic
Regression gives better accuracy for smaller datasets like ours, as compared to the Naive-Bayes
model. This result can further be used to analyse data having short text by detecting language
effectively and efficiently.

We observed that even though both methods are efficient in detecting a single language from
short texts,  their  classification report  with parameters  like recall,  f1-score,  and precision had
similar values for many classes. In the future we plan on implementing the methods on larger
datasets  to  analyse  the  difference  between  the  performance  matrix  of  both  methods  more
accurately.  Further  work  can  be done towards  implementing  the  methods  to  detect  multiple
languages that may be present in a single sentence. We also plan on giving code-mixed data as
input for detecting the different languages and analysing how the results vary from that in the
case of normal data.
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	Abstract
	Short text communication via microblogging platforms like Twitter has become the norm in today’s fast-paced world. These platforms have a global reach; thus, usage of multiple languages (including region-specific languages) is common. Language detection is an important task that finds its application in several NLP tasks as data is available for further analysis, only once its natural language has been detected. In our work, we have analysed and compared the performances of two major state-of-the-art models, which are Naive-Bayes and Logistic Regression for identification of the natural languages, on short-text data. Both the models were trained on a dataset from Kaggle, which made them capable of detecting 22 languages. They were compared on different parameters like accuracy, precision, recall, and f1 score, and it was learnt that Logistic Regression works better on relatively small datasets like ours.
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