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ABSTRACT 

The fame of Twitter in Tamilnadu tempts spammers. Spammers send unwanted tweets to Twitter users to promote websites, 
services, or products, which are unsafe to normal users. Earlier researchers presented many contrivances to stop these benevolent 
of activities. Accordingly, topical approach as well as the twitter work on spam detection by applying machine learning skills into 
Twitter to detect spam tweets. Lack of studies on which researcher focus on the spam detection in twitter within the Tamilnadu 
community. There is a large number of spams reply on twitter especially on the trending twitter account. In this paper, we bridged 
the gap by classifying the spam tweets by using ML approach. Collected a large dataset of Twitter that includes 2,903 tweets 
approximately. Using tweets related trending topics. Construct a large labeled collection of users. Then, we classify tweets 
manually into spams and non-spams. The results show the streaming spam tweet detection is still a big challenge and a robust 
detection technique should take into account.    
Keywords: Twitter, Spammers, Social networking, Spam detection, Machine learning (ML), Classifier, Tamilnadu; 
Tweets analysis     
 
I. INTRODUCTION 
Recently, the development of twitter revolutionizing in past couple of years. This massive growth of tweet endorse the 
users to part their information and interconnect them with each other. The collective forms of mesh attacks, in addition to 
spam, scam, phishing, and malware diffusion attacks, have instigated on twitter. The increase of Online Social Network 
(OSNs), turn out to be a display place for spreading spam. Spammers put forward to stake advertisements of merchandises 
to discrete and post URLs as phishing websites which are used to pinch elusive data. Societal networking sites such as 
Twitter, Facebook and Instagram have become enormously popular. Individuals spend enormous time in OSNs to segment 
their information and interconnect with each other. Nowadays 200 million Twitter users produce around 400 million new 
tweets per day, which displays the growth of unsolicited mail.  
 
Twitter spam, which is referred as unsolicited tweets containing malicious links that directs victims to external sites 
containing malware spreading, malicious link spreading has not only pretentious a number of frank users but also 
contaminated the whole platform. Spam is becoming a cumulative problem on Twitter as other online social networking 
sites such as email, webs, Facebook, Whatsapp. Unfortunately, the junk mails are increased due to the multiplying of 
twitter which is an added hindrance. OSN platforms, authorize all users such as Facebook and Twitter to use autonomously 
of their features, to spontaneously generate and put away huge amounts of data. The study underwrites a new set of 
lightweight features appropriate for real-time detection of spammers on twitter. This data’s is oppressed by entities and 
societies to gain economical advantage, causing a considerable amount of data being generated by spam or fake users.  
 
Twitter confines the span of each message to less than 280 characters called “tweets”. For the reason of this limitation, 
spammers cannot abode adequate information into each message. To overawe this constraint, spammers frequently send a 
spam comprising URLs that are generated by URL shortening services. Since the mails are squat and the authentic spam 
content is located on external spam pages, it is challenging to apply traditional spam filtering methods based on text 
mining to twitter spam. Machine Learning (ML) may provide a powerful tool to support spammer detection in Twitter.   
 
This paper is structure as follows: Section II discusses a review of the related work. Then, in Section III, the data 
evaluations based on Machine learning algorithms from various aspects used in our approach is introduced. Section IV 

Spam Tweets Detection in Tamilnadu:                              
A Machine Learning Approach  

 
 Dr.J.Suganya1, Dr.J.UmaMaheswari2 and S.Akilandeswari3 

 
1Assistant Professor, A.D.M College for Women (Autonomous), Nagapattinam 

 
2 Dean of Computer Science, A.D.M College for Women (Autonomous), Nagapattinam 

 
3 Assistant Professor, A.D.M College for Women (Autonomous), Nagapattinam 

 
 



International Journal of Application or Innovation in Engineering & Management (IJAIEM) 
Web Site: www.ijaiem.org Email: editor@ijaiem.org 

Volume 11, Issue 11, November  2022              ISSN 2319 – 4847 
 

Volume 11, Issue 11, November 2022                                                                                                   Page  2 
 
 
 
 
 
 

describes the Classification model followed by Section V illustrates the experimental setup with evaluation results and 
Finally, Section VI concludes with future work. 
 
II. RELATED WORK 
Researchers have shown a vast interest on studies which have been piloted to detect spammers demeanour in Tamilnadu. 
A survey of latent clarifications and encounters on spam detection in online social network has been proposed.  Previous 
researchers have motivated on embodying spammers performance using different features and Methodologies. The 
statistical scrutiny of phonological notable as dialectology evolution, resemblance and terminology may defer from English 
to Tamil enclosed as the essential features for spam detection. Even and yet they accomplish well in detecting spam tweets, 
their constraint relies in the fact to scrutinize. A significant amount of nonfiction has been published on spam detection 
using Text-based classifications.  
 
The growth of spammers shows the smartness with the existing techniques attain detoured with new features and 
techniques unceasingly keep on sprouting. Ever increasing distinction and passion for social networks has also navigated a 
intense increase in the presence of malicious activities .The study of various state-of-the-art techniques presented by three 
researcher, assisting in exposition  to detect two most interlinked concerned problems on social networks namely, spam 
detection and detection-cum-analysis of compromised accounts. 
 
In Tamilnadu, tweets are a virtuous cause to capture the public’s sentiment, especially since the country is in a sensitive 
region. Obtainable in excess of the challenges and difficulties the tamil tweets on-going using Tamilnadu as a basis. A 
characteristic problem is the practice of tweeting in tamil. Moreover, the structure of the sentences is much more random 
regarding the task of parsing this text is a major challenge. Based on the observation, the researcher suggested a hybrid 
approach that combines semantic orientation and machine learning techniques. The output of the philological classifier 
will be used as training data for the SVM machine learning classifier, accomplishing an accuracy of 84 and 84.01% 
respectively.  
 
In order to illustrate spam twitter in Tamilnadu and cultural norms are sensitive Spammers practice these accounts on 
twitter to distribute adult content in tamil-language tweets, yet this content is prohibited in these countries. This spammers 
convert their spam using misspelled words to bypass content filters. Tamil word correction technique to address this 
liability. They further detected that spammer are manipulating the restrictions in Tamil philological tools to bypass content 
filtering and internet censorship  systems  by relocating targeted Twitter spam to tamil-speaking users. Finally, examined 
and proposed a domain- specific vocabulary approach to progress the detection of obnoxious accounts on Twitter and 
achieved a prophetic accuracy of 96.5% for detecting obnoxious accounts with tamil tweets. 
 
Jalal et.al in 2015 analysed that 174,600 user profile contains deceptive information in Networks (OSNs). Initially, a large 
dataset of twitter profiles and tweets were collected.  The researcher utilized profile characteristic and applied distinct 
methods for gender guessing from twitter profile colors and names. In detail they identified 4% of the 174,600 profiles 
investigated as potentially false. Physical inspection was questionable in an additional 7.8% of profiles, as those profiles 
were either deleted or physically inspected. However, 8.7% found to be potentially deceptive profiles were indeed likely 
false. In addition to that, there were 77 profiles of the 174,600 profiles scrutinized as likely unreliable. Based on this 
characteristics, they proposed Bayesian classification and K-means clustering algorithms to twitter profile characteristics 
and geolocations to scrutinize the user behavior. Established the overall accuracy of each indicator through extensive 
experimentation with a reasonable accuracy.   
 
Chao et.al in 2015 bridged the gap by carrying out an enactment evaluation, from  different aspects as such data, feature, 
and model. The recent mechanism is on the application of machine learning procedures into twitter spam detection dearth 
a performance evaluation of existing machine learning based streaming spam detection methods. For this platform, a real-
time spam detection in which 12 lightweight features were extracted for tweet representation. Spam detection was then 
converted to a binary classification delinquent in the feature space and solved by predictable machine learning algorithms 
and determines that the performance decreases due to the statistic where the distribution of features adapted in future days 
dataset, whereas the distribution of training dataset stays the alike. This problem will happen in streaming spam tweets 
detection, as the new tweets are imminent in the forms of streams, but the training dataset is an issue and not updated. The 
consequences display the streaming spam tweet detection is stagnant as a big challenge and works on this issue should be 
modernized in future.  
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Senthilmurugan et.al, 2019 proposed a new hybrid approach to detect the streaming of twitter spam in a real-time using 
the combination of a Decision tree, Particle Swarm Optimization and Genetic algorithm. The researcher identified that 
spammers actually send detailed unwanted irrelevant messages or websites and promote them to several users. This 
proposal In order to set some options to their users in the direction of report about any spam account which been substitute 
as abnormal by way of their behavior. Hence collected 6.5 million tweets using twitters streaming Application Program 
Interface (API) by cataloguing the spam using the proposed algorithm, to improve the detection rate , They used an  
Evolutionary algorithms - Particle Swarm Optimization (PSO), Decision Tree (DT) and Genetic Algorithm (GA) to 
investigate the problem. After handing out the label dataset followed by  preprocessing step to scrutinize the missing 
values of the data. Continued for a long with the feature extraction extractly to pinpoint  particularly 10 features for the 
classification process to define non-spam and spam tweets by labeling the dataset. Results are matched with other hybrid 
algorithms which gives a better detection rate. Unfortunately, the performance declines for detection of spam when real-
time imbalanced data is applied to the proposed work. Hence, external new tweets could be problem as it derives in the 
form of streams would rather increase the concert of classifier for streaming of spam tweets which collected daily basis and 
investigate the detection rate.  
 
III. DATASET OF FEATURE TRANSFORMING SPAM TWEETS 
Twitter consents users to form their private social graph. Numerous types of spam, spontaneous develop through 
communication, originating from either a person or an organization that contains unwanted advertisements or even 
potentially harmful contents such as virus or malware. Common types of spams specially in Email spams, Advertising 
articles, External link spamming, Citations spams, and Product review spams. A challenging machine learning altering 
spam tweets detection tasks is needed to accomplish the labeled dataset. Even though they are few dataset published by 
some researchers about the events are spammers instead of spam tweets. As a result, we decided to collect raw data and 
generate the pre-processed tweets for classifying the fact using Machine Learning (ML) approach. In this section, we 
designate our dataset collected and spawned according to our proposed approach. 
 

A.Corpus Collection 

The corpus samples were collected manually by three different individuals from Twitter platform. The tweets collected 
from well-known and verified accounts in Twitter which have million followers. There was no specific selection criteria 
followed, instead, the collectors were asked to browse twitter platform naturally using a pre-step account in which they tag 
any tweet that they think it is spam or non-spam. Table1 provides the details about the collected corpus. A total of 2,903 
tweets were collected during the period from 1 to 8 November 2019. We observed a phenomenon that anonymous users are 
selling the Twitter followers to increase the number of followers and illustrate popularity for a Twitter account. The used 
Twitter API (Application Program Interface) supports UTF-8 (Unicode Transformation Format.) for the language that may 
cause characters counting problems for the dialectal tweets. We recognized that spam tweets emerged more on these 
accounts. Although there are few dataset published by researchers, the rise of spam with   different  approaches used to 
evaluate the accuracy of tweet spam . The top 10 emojis are used in our approach to find out the statistical ratio of spam or 
non-spam tweets. Emoji are ideograms and smileys used in electronic messages and web pages which exist in various 
genres, including facial expressions, red heart, fingertip pointing and other common objects. Table 2 shows an example of 
Spam tweets in which the lists of emojs are selected through categorization. It also includes an example of non-spam 
tweets which is very meek and easy to be scrutinized as each line of this format represents an tamil word that comprehends 
various attributes of the tweets with different styles that are socially connected with images. Figure 1 shows the graphical 
flow of the selected top 10 emojis.  

Table 1: Corpus – Summative 
Class Count Average tweet length 

(char)  
Average tweet length 
(token) 

Non-
Spam 

1,885 75 11 

Spam 1,018 194 25 
 
 

Table 2:  Sample of Spam/Non-Spam tweets 
 Translation   
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Spam 

@ittihad surprise your short weight loss with Klin 
9 from the American company Forever 
Your weight caused you embarrassments among 
your friends♨� ♨♨� ♨ 
The solution is with Clean Nine for a loss of 12 to 
15 km within a month 
// � ⛔� � � � � ❣� � ⛔� � � � � ❣�  
For request and inquiries, special contact �  
https://t.co/BcFIRhwjFp 

@ittihad அெமாி க நி வனமான Forever இ  
ளி  9 ல  உ க  கிய எைட இழ ைப 

ஆ சாிய ப க  
உ க  எைட உ க  ந ப களிைடேய 
ச கட ைத ஏ ப திய ♨ ♨♨ ♨  
ஒ  மாத தி  12 த  15 கி.மீ ெதாைல  
இழ  கிளீ  ைந  ல  தீ  கிைட  
// ❣ ❣  
ேகாாி ைக ம  விசாரைணக , சிற  
ெதாட   
https://t.co/BcFIRhwjFp 

Non Spam 

Charity is the growth and investment of an owner 
in this world and the hereafter, and her blessing is 
doubled, even if it is a little .. 
So how about if she was in discharging insolvent 
distress did not possess something from the 
wreckage of the world something widowed or 
mother of orphans of his family, her situation is 
very difficult, my Lord, as you mocked me to try to 
discharge her agony, he mocked her your creation, 
you know her condition 

ெதா  எ ப  ஒ  உாிைமயாளாி  
இ ைமயி  ம ைமயி  வள சி  
த  ஆ , ேம  அவ ைடய 

ஆசீ வாத  ெகா ச  ட .. 
அ ப ெய றா , அவ  திவாலான யர தி  
இ தி தா , உலக தி  இ பா களி  
இ  ஏதாவ  ஒ  விதைவ அ ல  அவன  

ப தி  அனாைதகளி  தாயிட  இ ைல, 
அவ ைடய நிைலைம மிக  க ன , எ  
ஆ டவேர, அவ ைடய ேவதைனைய 
ெவளிேய ற ய சி கிறீ க  எ  நீ க  
எ ைன ேக  ெச த  ேபா , அவ  உ க  
பைட ைப ேக  ெச தா , அவ ைடய நிைல 
உ க  ெதாி  

@ittihad “The problem of the world is that stupid 
and hard-liners always trust themselves with the 
greatest confidence. As for the wise, they are filled 
with doubts.” 

@ittihad “ டா  ம  க ன 
மன பா ைம ெகா டவ க  எ ேபா  
த கைள மி த ந பி ைக ட  ந வ தா  
உலகி  பிர சைன. ஞானிகைள  
ெபா தவைர, அவ க  ச ேதக களா  
நிர ப ப கிறா க . 
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Figure 1: Spam tweets top 10 emojis count 

The psychology behind the most popular emoji, that “face with tears of joy” ( ) is the most frequently used emoji, 
eclipsing the red heart (❤). The list of emojs are selected by cataloging instances, these we call it as an emotion of a face, 
these emojs are frequently used by the twitters for spamming to send the same message indiscriminately to (a large number 
of Internet users). Figure 2 illustrates the graphical flow of the non-spam tweet for top 10 emojis. 
 

 
 

Figure 2: Non-spam tweets top 10 emojis count 
 
The top 10 popular face with emotion, red heart indicates the prominent symbol of love, The point emoji is a fairly 
surprising one used to highlight particular links in tweets, purple heart emoji is particularly popular with BTS fans and the 
groups official account tweets it fairly often. Next in the succession of heart emojis , sometimes it appears red and 
sometimes pink “happy” is the most common word used in association with heart emoji. Thinking face will often follow a 
question, or simply express confusion. Hands symbol squeeze in at shows love, good and family are all common words 
associated with it, and it’s often used to show gratitude. According to this plotted emojis, the detection scheme based on 
our suggested features was evaluated though feature distribution.  
 
B. Feature Distributions  
 
We plotted the Aggregate Dissemination Function (ADF) to phase into the characteristics of the features, as shown in 
Figure. 3. We can realize, spammers are tangled in more lists than normal users, through ntokens, emojis, len tweet which 
are class labelled as spam and non-spam. Obviously, with the intention of spreading more spam tweets, spammers send 
more tweets compared to non-spammers. This problem exist roughly, 90% non-spammers tweets do not have hash labels 
engrained in their sent tweets, that shows the ratio in spam tweets is only  60% approximately. In wide-ranging, the 
scrutiny of these features has showed us their discriminative power to detect spam twitter.  
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Figure 3. Aggregate distribution function of a. len_tweet  b.emojis  c.ntokens 

C. Dataset of Modeling Spam Tweets 
 
Data model is intangible representation of data objects, in a free multicultural society a spam message may be dissimilar 
from one user to another, so annoying by one user may be liked by alternative user, cataloging as spam by one user, may 
not be categorized by the same user at other time. Therefore, there is a need to extend the standard spam filters to integrate 
the altered interests of the users and the changing benefits of each user. A dataset of emails which includes spam and non-
spam is built. The data set is used to train Random Forest to build spam detection approach. Cross validation experiments 
are used to evaluate the model. The objective of data modelling is a predictable model competent to classify an assumed 
tweet into either a spam or non-spam, centered on the features extracted from the raw data. The following stages were 
recognized beforehand fitting the samples into the selected machine learning algorithms. Figure 4 shows the diagrammatic 
Representation of our tactic which illustrates the process of Tokenization, Filtering, Stemming, and Normalization of 
Tamil tweets regarding Spams. Moreover, presents a platform to form a classification pipeline that detect the spam tweeted 
in Tamil. It demonstrates the mechanism for retrieving the tweets from the database for simple statistical analysis from 
preprocessed tweets towards a feature extraction process. 
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4: Data process and classification pipeline 
 

 
D. Tokenization 
In natural language processing, tokenization is essential and significant. A word can comprise up to four independent 
tokens merging of any language, whereas to analyze the information, needs to be incorporated into the tokenizer. The 
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tokenizer depend mainly on blank spaces and punctuation marks as comma separator of word boundaries (or main tokens). 
Accompanying punctuation marks are used such as the comma ‘،’, question mark '؟' and semicolon ‘؛ .‘ whereas numbers 
are also well thought-out as main tokens. A few countries practice the numerals as in English, while ultimate Arab 
countries use the Hindi numerals such as ‘2’ (2) and ‘3’ (3). Therefore a list of all punctuation marks and number 
characters must be nurtured to the system to allow it to determine main tokens in the text . In our approach the 
tokenization divides a string into substrings by splitting on the specified string. Spaces were used as a separator to tokenize 
tweets. Once the corpus is tokenized, by using the Natural Language Toolkit (NLTK) tamil stop words, these words were 
removed from corpus tweets. 
E. Stemming 
Stemming which is the process of reducing inflected words to their word stem, base or core form. Provides plotting of 
different related morphological variants of words into base or common form, e.g. words like “computing”, “computed” and 
“computerize” has it root word “compute”. In our approach, we reduce the word from the corpus which is collected from 
the tweet platform.  
F. Normalization 
Normalization which is considered as a sentiment analysis, removes irrelevant data from a huge collection of extracted 
data, the extracted data contains noise which is transferred through URLS, tags and links. In these raw data collected as 
spam or non-spam with low quality passed through the series of upgrading techniques called data pre-processing. 
Following tasks are involved in data pre-processing process. 
IV. Data Pre-Processing 
A bag of words representation is used for generating features, as a term document matrix with n-grams.The use of Term 
Frequency-Inverse Document Frequency (TF-IDF) affords even better erstwhile than the binarized features which  was 
realistic  in the beginning. For systematizing the features, two approaches (i.e., normalization and standardization) were 
scrutinized for transmuting data. The corpus was normalised by scrambling the input vectors exclusively to the unit norm 
as vector length. The other transformation tactic was to systematize the features by deleting the mean and scaling to the 
unit variance. The standardization approach emerged as better than the normalization in perceptive the tweet samples for 
the tested corpus followed by feature extraction. 
A. Feature Extractor 
Feature extraction can be retrieved as result of pair vectors which efficiently represent the information content of an 
comment while reducing the dimensionality and discriminating between classes in high dimensional data. In particular, if 
there is petite difference in mean vectors or petite difference in covariance matrices, It was difficult to find a good feature 
set from the previous study of feature extraction. In order to comprehend the complete prospective of  high dimensional 
data, it is essential to recognize the characteristics of high dimensional data.  In order to approach the feasibility of a large 
data collection and rapid retrieval. We have used TF-IDF vector to create a Count vectorizer to count the number of words 
(term frequency), limit vocabulary size, and apply stop words.  
B. Spam detection performance on dataset  
The detection is based upon the fact and research findings of the spammer groups are more connected and active than non-
spammers, in the case of review authors and groups [Jagtap Kalyani et.al,2017]. It also correlates the higher connectivity 
in spammers concluded by the larger percentage of review authors. This section describes the process of Spam twitter 
detection by using machine learning algorithms. Figure 5 illustrates the steps involved in building a classifier and 
detecting Spam tweet. Before classification, a classifier that contains the cross validation extractor should be trained the 
dataset to decrease the probability of over appropriate of tweets. Subsequently the classification model advances the 
information of the training data, used to forecast a novel incoming tweet. In our approach moderately sklearn's logistic 
regression is used than SVM. The model was tweaked by tuning manic-parameter (Table 3), by means of a grid-search 
approach as shows in figure 3. This parameter implies to estimate the accuracy, precision, and recall. 
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Table 3: Prototypical tuned parameters 

 

 

 

 

 

N gram range - Convert a collection of text documents to a matrix of token counts. This implementation produces a 
sparse representation of the counts using scipy.sparse.csr_matrix.  
min_df - The default min_df is 1, which means "ignore terms that appear in less than 1 document". 
max_df - The default max_df is 1.0, which means "ignore terms that appear in more than 100% of the documents".   
Smooth_idf=True(default),the constant “1” is auxiliary to the numerator and denominator of the idf as if an spare 
document was realized having every term in the assortment exactly once, which prevents zero divisions: idf(d, t) = log [ (1 
+ n) / (1 + df(d, t)) ] + 1. 
Logistic regression processes the signal via the added non-linear probability (θ), and the output from the logistic 
regression is interpreted as the probability.  
C. Train and Test Split Ratio 

 
In order to comprehend, we used numerous phases for competent spam detection in Twitter. Initially, mandatory from 
various origins twitter raw dataset was selected. We erratically divided the twitter dataset hooked on spam and non-spam 
fragmented for training the model and other part for testing the model. These dualistic parts of datasets are preprocessed to 
get standard features. In training phase of model, using Cross-validation approach extracted minimum set of features from 
high dimensional data and confirm the base model as non-stratified technique. From  these minimal set of features, a new 
training dataset acquire to train the model. Figure.5 illustrates the steps involved to endorse the classifier. The statistical 
methodology- cross validation used to train the data on a subset and the other subset to validate the base model as non-
stratified technique, which inclines to decrease the probability of overfitting with different subsets from the same data. The 
dataset was torn apart into five uninterrupted folds without shuffling, by using each fold as then used once as a validation. 
While the remaining four folds designed the training set. The aim of this phase is to measure the degree of analogous 
between the tweets confined in the timeline of each user. In this paper, sklearn's logistic regression used , rather than SVM 
. Although in practice the two are nearly identical (sklearn uses the liblinear library in python behind the scenes). 

 

 

 

 

 

Figure 5: Architecture of ML 

Classification progress technologically advanced to detect streaming of spam using supervised and unsupervised models. 
To begin with, the supervised learning method  training model was based on labeled data in the form of input object or 

Parameter Value 
ngram_range 1, 2 

min_df 3 
max_df 0.9 
use_idf 1 

Smooth_idf 1 
Nive bays 

alpha 
8.5 

Logistic 
Regression C 

7.5 

Training set Test set 

Cross validation 
extractor 

Cross validation 
extractor 

Learning phase 

Classifier 

Classifier 

Spam Non spam 
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vector with a desired output value that  analyses the training data and produces what is referred to as an inferred which can 
apply to a new unlabeled dataset. Whereas, unsupervised excludes the labelled data requirements. The desired output 
values of the dataset for unlabeled data is not known and  letting the algorithm draw inferences from datasets. The  
unsupervised learning is especially exploratory data analysis to find hidden patterns in the data. Our approach results with 
supervised learning using Random Forest create a strong baseline for the tamil tweets spam classification. 
 
V.  Experimental Analysis 
A machine learning system was built for tamil sentiment analysis. The used algorithms search the divergence of a given 
data were Naive-Bayes, Naive Bayes SVM, Random forest, Gradient boosting, NearestNeighbours, Decision tree and 
SVM, which make available the accuracy in sentiment analysis for Tamil text in relation to the Tweeter. First, part of the 
corpus of (2,900) tweets were used as a training dataset. After that, each one of the machine learning algorithms was 
applied to the training dataset. Finally, the experiment was processed on resultant tweets test dataset to evaluate the 
accuracy rate of each one of the algorithms. The last machine learning algorithm used in the proposed system is Random 
Forest has the common library libsvm as most researchers are using it. We have examined the five algorithms with text 
test to find out the accuracy rate. The performance metrics that were extensively used to estimate the classification results 
such as precision,               F-score and recall. The results were summarized in Table 3. highlights the accuracy annotated 
automatically. 
 
A. Performance of Feature Discretization 
The proposed approach is evaluated using three standard metrics, namely, True Positive Rate (TPR) , false positive rate 
(FPR), and F-Score, where TP stances for true positives and signifies the number of actual spammers classified as 
spammers, and FN stances for false negatives and signifies the number of actual spammers misclassified users [Senthil 
et.al,2019]. FPR stances for false positive rate and signifies the fraction of users, where FP stances for false positives and 
signifies the number of users misclassified as spammers and TN stances for true negatives and signifies the number of 
users classified as relevant. FPR is decisive parameter for evaluation of classifiers, and its low value is required for good 
classifier. Finally, F-Score is distinct as the harmonic mean of precision and recall as given in Equation [5], where 
precision is distinct as the ratio of the correctly identified spammers to the total number of users identified as 
spammers,whereas recall is same, Table 3, illustrates the stream of evaluation. The F-Score signifies discriminative power 
of classifier. A classifier with a high value of F-Score is required to precisely isolate the spammers and relevant users. In 
our  approach, Random forest has the highest accuracy (91.28%) compared to other algorithm. This implies that, the total 
number of instances that are correctly classified by Random forest is larger than the total number of instances that are 
correctly classified by other algorithm. Furthermore, Random forest has been found to be the best in terms of Accuracy. 
a) TPR distinct as the ratio of those spam tweets acceptably classified as fit in to spam class S to the total number of spam 
tweets  
        True 
 
  TPR =        TP (1) 
           
                 TP + FN 
b) FPR distinct as the ratio of those non-spam tweets erroneously classified as fit in to spam class S to the total number of 
non-spam tweets 
 
   FPR =       FP               (2) 
              
                 FP + FN 
2. Precision, Recall, and F-score: Literature also uses precision, recall, and F-score to evaluate per-class performance. 
a) Precision is distinct as the ratio of those tweets that truly fit in class S to those identified as class S, it can be calculated 
by 
 
Precision =          TP 
                                 (3) 
                        TP + FP 
 
b) Recall (which is also known as detection rate in the detection scenario) is distinct as the ratio of those tweets correctly 
classified as fit in to class S to the total number of users in class S, it can be calculated by 
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Recall =             TP                                           (4) 
 
                      TP + FN 
c)  F-score is a combination of precision and recall, it is a widely adopt metric to evaluate per-class performance, it can be 
calculated by 
 
F-Score =   2 * Precision* Recall                      (5) 
                                    
         Precision + Recall          

 B. Stimulus of spam to non-spam Ratio 

In this section, we consider the effect of spam to nonspam ratio of the above discussed machine learning algorithms on 
Datasets I and II. Each classifier used for experiments was skilled with a dataset of 2903 spam tweets and nonspam tweets 
approximately. Then, these skilled classifiers remained used to detect spam in the sampled datasets. As in we also used 
TPR, FPR and F-score to evaluate the performance of accuracy, precision, Recall and Threshold as seen in Table 3, the 
classifiers other than NN and Decision tree achieved more than 90% Accuracy. These classifiers reached a satisfactory F-
score, while evaluating and decreases dramatically. To achieve the ratio appxoximately 1:10. To figure out F-score and the 
threshold drops, Table 4 outputs the confusion matrix of  Random forest and Figure 7 shows the effect of confusion matrix 
of both spam and Non spam ratio highlighted by predicted label. This section describes the process that has no impact on 
the TP and FN of spam class when the spam to non-spam ratio was changed. The Recall which is define as the ratio of the 
number of tweets classified correctly as spam to the total number of real spam tweets, remained the same. However, when 
more non spam tweets were involved in the test, the number of FP increased exponentially. The precision, defined as the 
ratio of the number of tweets classified correctly as spam to the total number of predicted spam tweets, decreased. 
Resultant  F-score, is a combination of precision and recall, decreased dramatically due the decrease of precision. 
Generally, the F-score of machine learning-based classifiers is quite low as there are much more nonspam tweets than 
spam tweets and the accuracy is above 90% describe in Table.4. 

 
Table 4: Statistical significance test for each algorithm 

 
Model  Accuracy Precision Recall F-score Threshold 
Random Forest 91.28% 91.47% 89.22% 90.17% 42.00% 
Gradient boosting 90.11% 90.28% 89.01% 89.59% 50% 
NBSVM 90.66% 90.28% 89.01% 89.59% 10.5 
Decision Tree 88.42 87.35 87.17 87.26 8.00% 
Nearest Neighbours 83.08 86.88 76.78 79.02 5.00% 

 
Figure-6 Normalized confusion matrix 

 
Table 5: Normalized classification confusion matrix 
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Naive Bayes-Support Vector Machine (NBSVM) creates a strong standard for the Tamil tweets spam classification. 
Basically, the Support Vector Machine (SVM) is built over Naïve Bayes (NB) log-count ratios as feature values the 
original model combines generative and discriminative classifiers.  
Naive Bayes is a simple classifier based on the Bayes theorem which performs probabilistic prediction consider as  
statistical classifier . This classifier works by assuming that the attribute are tentatively independent. This methods has a 
mathematical inference where we have a society or phenomenon following a probability distribution based on an unknown 
fixed parameter. The evaluation performed through parameter or test a particular hypothesis through random sample data 
taken from this community where we have preliminary probability information that is done before sampling, which selects 
different values to be a random variable with a probability distribution obtained using bayes theory. The probability 
distribution produced after the sample is known as the posterior distribution, considered as summary of the data obtained 
from the sample in addition to the information Tribal. The estimated unidentified parameter, is largely used because it 
often outperforms to a greater extent on erudite classification methods. Classification progress developed to detect 
streaming of spam using supervised and unsupervised models. 
Our approach results with supervised learning using Random forest attain an accuracy of 90 %. In order to evaluate the 
performance of spam twitter detection approaches the metrics are illustrated in Figure.8 and Table.6. In general, the result 
shows the improve performance of classifiers for spam twitter detection.   

Table 6: Performance Evaluation on Datasets 
 
 
 
 
 

 

 

 

Figure 7:  The distribution of Precision, recall and threshold  performance 
VI. Conclusions  
In this paper, we propose a method to enumerate a fundamental evaluation of twitter using ML algorithms on the detection 
of spam tweets. Due to the proneness of spammers to use dissimilar strategies to equivocate detection, we accompanied a 

  Predicted Class 
  Non-spam Spam 
True class Non-spam 96% 4% 

Spam 18% 82% 

 
 

Precision Recall F1-score 

Non-Spam 0.91 0.96 0.93 

Spam 0.92 0.83 0.87 
Accuracy 0.91 0.94 0.91 
Macro average 0.91 0.89 0.90 

Weighted 
average 

0.91 0.91 0.91 
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collection of tweets as raw data to build a predictable model into either a spam or non-spam based on feature extracted 
from the raw data.  We initially collected tweets in Tamil and also used top 10 emojis to extract features from the labelled 
dataset. To signify and detect spammers with different features which are able to differentiate spam tweets and non-spam 
tweets from dataset. Skewed these features to machine learning based classification algorithms. Then smeared trend Pre-
processed pipeline spam tweets. We also identified Tokenization by removing stop words with stemming that regularize 
the feature  transferring continuous  counterpart was an important preprocess to ML-based spam detection. In our 
evaluation, we found that     classifier ability to detect spam. Twitter reduce spam when in a nigh real-world scenario since 
the unprovoked data brings bias. The proposed method gives suitable results on the basis of parameters achieving nearly 
uniform and consistent results on all test tweets. Since new tweets are imminent in practice of streams and are not 
modernized in training datasets which will be an issue, may need further study. There are many potential directions for 
future work on this research project. It would be interesting to explore user interest in a dynamic way through different 
activities to characterize user interest  patterns  comprehensively.  
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