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ABSTRACT

The goal of this paper is to analyze tweets for inappropriate language using machine learning classification methods. In order to
evaluate the efficacy of several well-known classification algorithms and locate the model that is most suited to the task at
hand, a training and prediction pipeline has been built. We are going to take a dataset from Hate speech Twitter Annotations and
Hate speech and offensive language detection, and then we are going to feed this data as input to a variety of different classifiers
and regression models. utilizing matplotlib, we were able to evaluate our method on a dataset consisting of 25K tweets that was
made available to the public. We were also able to demonstrate that our method was effective in terms of its distribution through
the use of graphical representations. Finally, we were able to tune the best algorithm by taking into account both performance
and time complexity. We did this by considering metrics such as accuracy, precision, and recall in both test and training data.
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1. INTRODUCTION

There are numerous websites online nowadays that
use inappropriate language in their written content, and
the proliferation of websites like these has the potential
to mislead a significant number of individuals in our
society. For situations like these, we come up with a
simple solution, such as a model that can determine
whether or not the provided text contains objectionable
language. Our research is called "Offensive language
identification in tweets using different regression and
classifier methods," and it aims to identify offensive
language in tweets. And our model was trained using
the database from Hate speech Twitter Annotations and
Hate speech and offensive language detection, and
these data are provided as input to multiple classifiers

and regression models. Furthermore, our model was
trained using the database from Hate speech Twitter
Annotations. our method was evaluated on a dataset
consisting of 25 thousand tweets that was made
available to the public. This was done so that we could
demonstrate the effectiveness of our approach in the
form of a graphical representation using matplotlib.
Additionally, we tuned the best algorithm by taking
into account both its performance and its time
complexity. We did this by considering metrics such as
accuracy, precision, and recall in both test and training
data. And the model is connected to the UI in such a
way that when the user gives the text to check for
objectionable content, it displays the status result of the
text, indicating whether or not the text is offensive. In
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recent years, one of the most significant concerns has
been the widespread practice of publishing offensive or
abusive information on social media platforms. Because
of the widespread use of social media platforms like
Facebook and Twitter, this has resulted in a significant
increase in the number of issues that have arisen. The
primary reason for this is due to the fact that our model
will automate and speed up the process of detecting
offensive content in order to facilitate the moderation of
offensive posts. This will be accomplished by checking
and notifying the user as to whether the input that they
have entered is offensive or not offensive. The primary
goal of this research is to identify offensive language via
the use of a variety of machine learning regression and
classifier techniques. Also utilized to determine if the
text that was supplied by the user was offensive or not

offensive by using the most accurate algorithm possible.

2. LITERATURE SURVEY

Despite the fact that the analysis of hate speech in
social media is a relatively new research field, it has
generated a lot of interest and already has complete
events devoted to the issue, in addition to a surge in
relevant publications. During this session, some of the
most important results from the most recent and
pertinent publications will be presented, and then they
will be discussed.

As an example, the International Workshop on
Evaluation SemEval-20191 [6]

challenges that were centered on the identification and

Semantic featured
classification of foul language in social media. [Citation
needed] Identifying objectionable language was the first
of the three primary sub-tasks, followed by the
automated classification of different sorts of offenses,
and finally locating offending content. As part of the
first subtask, the communications were evaluated and
categorized according to whether or not they were
objectionable. If a tweet contains any profane language
or language that may be considered objectionable, it
was marked as offensive. The results that the Deep
Learning BERT [7] produced for this challenge [8] were
superior. The second subtask required participants to
provide a prediction on the sort of crime. Insult and
Untargeted were the two classes that were used for this
A Twitter

"Untargeted" if it featured unacceptable language but

purpose. message was branded as

was not directed at a specific person or group, while a

Twitter post was labeled as "Insult" if it insulted a
specific person or group (swearing). The rule-based
method combined with a keyword filter, which may
include hashtags, signs, emoticons, and other
characteristics, was found to be the most effective
solution for this issue [9]. The last subtask focused on
the individuals who were the targets of the crimes.
Individual was used to describe an offense committed
against a single user, Group was used to describe an
offense committed against a group of individuals, and
Other was used to describe an offense committed
against an organization, a scenario, an event, or a
problem. The group that had superior overall outcomes
was also the one that solved this issue using BERT [10].
Deep learning was also used in this way so that foul
language in German texts could be identified [11].

A comparable use was investigated in the paper [12].

They developed a new dataset with the help of the
Twitter API in order to classify tweets as either hate
speech, offensive language, or none of these. Inside their
dataset, they compiled a collection of 85.4 million
Twitter samples from about 33,000 different users of the
platform. From there, they constructed a collection of
twenty-four thousand labeled tweet samples. For the
purpose of the classification job, features such as
bigrams, unigrams, and trigrams were weighted
according to their respective TF-IDF values. A number
of additional capabilities were incorporated, such as
binary and count indicators for URLs, mentions,
retweets, and hashtags.

They put a wide variety of classifiers to the test,
including logistic regression, Naive Bayes, decision
trees, random forests, and linear support vector
Machine).

Regression and Linear Support Vector Machines were

machines  (Support  Vector Logistic
shown to have a tendency to provide superior outcomes
as a consequence of their tests. The top model achieved
an F1-score of 0.9 and had an overall accuracy of 0.91. It
also had a recall of 0.90. Unfortunately, the classifier
could not provide satisfactory results when used to
identify instances of hate speech; the accuracy and recall
scores for this class were, respectively, 0.44 and 0.61.

It was hypothesized in [13] that Deep Learning may be
used to classify the messages on social media. The
categories of racism, sexism, or neither were taken into
consideration. As part of their tests, they combined a

number of different Long Short-Term Memory (LSTM)
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models. In their categorization, the characteristics
specified a user's propensity towards posting messages
in any of the utilized classes, as well as the collection of
messages submitted by a user and the subsets that
included labeled messages. The approach that was
taken was not influenced in any way by the language.
Better results in detecting sexist communications were
achieved using the suggested approaches (about 0.99 in
terms of accuracy and Fl-score). Nevertheless, racist
messages received worse results, with roughly 0.75 and
0.70 of accuracy and F1-Score respectively. This
contrasts with the findings achieved by neutral
messages, which offered superior results (0.94 for
precision).

The challenge of recognizing hate speech was enlarged
in [14] to include the identification of vulnerable
community members. Converting words to vector and
employing n-grams were two of the strategies that were
used in the process of extracting characteristics from the
messages. They used the Gated Recurrent Unit (GRU)
and many other Recurrent Neural Networks (RNNs) for
the process of detecting hate speech. An accuracy of
around 0.92 was given by these classifiers. It was
suggested in [15] that abusive tweets posted in English
may be called a
Convolutional Neural Network, or CNN. The labels

that were used in this work were either derogatory,

categorized using something

insulting, or designed to incite hatred. The most
accurate outcomes earned a score of 0.83, while the most
precise ones scored 0.80.

SVM, bidirectional Long Short-TermMemory (BiLSTM),
and CNN were the classification models that were
utilized in the study [16] to determine if messages were
offensive or not offensive. In the studies, the BiLSTM
achieved a higher level of accuracy in its ability to
identify objectionable texts (0.81).

The accuracy was 0.83 for the identification of words
that was not objectionable.Both the SVM and CNN
models achieved a precision of 0.66 and 0.78
respectively when detecting offensive messages, and a
precision of 0.80 and 0.87 when detecting messages that
were not offensive.

In light of the information that was provided in the
works that were discussed earlier, we have determined
that there is a deficiency in research about the kinds of
characteristics that are used in order to study offensive

language.

Also, a better fine tuning approach to the usual classical
classification approaches was not thoroughly explored,
which may lead to lower results. This can be a problem
since poorer findings can lead to poorer outcomes. So,
we are going to restate that the primary purpose of this
study is to analyze the quality of the features that were
employed for this issue in addition to the strategy of
fine tuning that was used by traditional classification

methods.

3.PROPOSED SYSTEM

The old system gives rise to a number of drawbacks, all
of which are addressed by the new model that has been
suggested. We used Multinomial NB, Decision tree
SVC, SGD Adaboost

classifier, Bagging Classifier, Logistic Regression, and

Classifier, Linear classifier,
k-neighbors classifier to identify offensive tweets posted
by a user in a particular data set. After that, we
prepared a model for testing with a training dataset that
contained an algorithm model that was more accurate.

We would feed it a sentence from the front page as an
input, and then the model would use that phrase to
determine the level of the output, which would
proclaim whether or not the statement was
offensive.We used to express the classification in a
graphical form with score and algorithms, and we
classified summaries of algorithms by utilizing attitudes
such as test accuracy, F1 score, precision, recall time,

and prediction time.

Input Data

Splitting

|

Training Data | | Testing Data |

Training (logistic regression, SGD Classifier, l -
Model Non-Offensive
Tweet

Random Forest Classifier, AdaBoost Classifier,
MultinomialNB, KNeighbors Classifier)
Time Complexity of Algorithms
(to detect best algorithms

Offensive Tweet

Classification summary of
algorithms

Figurel: Block Diagram for Proposed System
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4.RESULTS

Distribution of Tweets in the Dataset

34.2%
tal Tweets: 35787

Non-offensive

Offensive

Figure 2: Distribution of tweets in the dataset

Figure 3: Algorithms analysis result
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Figure 4: Classification summary of algorithms

Best Training Tirme: 0.003 - KNeighborsClassifier
Worst Training Time: 31747 - BaggingClassifier
Best Prediction Time: 0.652 - LinearsVC

‘Worst Prediction Time: 0.003 - KNeighbersClassifier

Time Complexity of Algorithms

= Taining Time
El == praiction Time

Algorithm

Figure 5: Time complexity of algorithms

~ Conclusion:

dient to be the best suited model for our data. We achieved the following performance parameters

Figure 6: Result of best algorithms

5.CONCLUSIONS:

We construct a Linear Support Vector Machine (SVM)
and a Naive Bayes classifier in this study to identify foul
language used in tweets. Over the course of the test, it
was discovered that the Linear SVM is quite sensitive to
the sort of data that is used in the process of training. It
was discovered that the procedure of parameter control
was made more complex by the data normalization
using tags that were used. The experiments also shown
that the evaluation sequence of messages has a
significant impact on the final outcome of the classifier.
This finding is significant owing of the high standard
derivation that was seen for the tests that were
conducted using various seeds. This is a normal process
because the weight regulation and the learning
coefficient (alpha) cause the learning to be arranged by
the other inputs, which results in an imbalance of the
weights if large sequences of messages with the same
label are given as input, for example. This happens
because the learning is arranged by the other inputs.
Thus, the Linear SVM requires a balanced input in order
to provide accurate results. The challenge of configuring
the parameters for this algorithm turned out to be more
difficult than I had anticipated.

The Naive Bayes classifier, on the other hand, was
shown to be an effective text classifier. This algorithm's
quick execution may be attributed, in part, to its simple
design and the relative ease with which it can be put
into practice. This method has very excellent
performance, where it shown to be better than many
other algorithms presented in the literature. [Citation
needed] This classifier did not have the issue that was
identified with the SVM, the standard derivation that
was produced via the testing was quite low, and the
average value was extremely near to the best possible

result.
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