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Abstract: Natural language processing, or NLP, has advanced significantly in recent years, enabling new uses
outside text analysis. The ability to determine an author's gender from their written work is one such developing
application. The method of determining an author's gender from their written work is known as "gender
identification of author from text using NLP." To determine the gender of the author, language patterns, word
choices, and stylistic elements must be examined. The goal of this talk is to highlight the developments in NLP
techniques and algorithms that allow for precise gender assignment in text.

Keywords: Natural language processing, text Analysis, identification of author’s gender, linguistic patterns, word choices
and stylistic features.

1. INTRODUCTION:

Authors that use NLP to identify their gender do so because they recognize that people often
display different linguistic styles according to their gender, which are influenced by
communication norms, personal experiences, and sociocultural variables. These variations
show up in a number of language-related domains, such as discourse markers, narrative
themes, word selection, grammatical structures, and sentiment expression. Researchers and
practitioners are become more and more interested in the possibility of using computational
tools to find these small but powerful indications as NLP continues to develop selection of
words, grammatical constructions, discourse markers, expression of emotion, and even story
ideas. Researchers and practitioners are become more and more interested in the possibility
of using computational tools to find these small but powerful indications as NLP continues
to develop.

Writers who use Natural Language Processing (NLP) to identify gender recognize the subtle
linguistic patterns associated with various genders, influenced by social norms, individual
experiences, and communication standards. These distinctive approaches manifest in various
language-related contexts, including discourse markers, narrative themes, word selections,
grammatical constructions, and sentiment expressions. The ongoing evolution of natural
language processing (NLP) in examining word choice, grammatical constructions, discourse
markers, emotional expression, and even the conceptualization of narrative ideas is reflected
in the growing interest of researchers and practitioners in using computational tools to
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identify these subtle yet powerful cues.

The possibility of automating the identification of gender specific linguistic patterns is
becoming more alluring as NLP develops. Our investigation into this field made a workable
solution necessary. Even though the JSON file includes author names, cultural influences
make it difficult to determine gender based only on names. Using human annotators to
evaluate names and provide the proper sex labels was one possible way to solve this problem.
We decided against this strategy, nevertheless, for two main reasons. Considering the
influence of cultural origins, gender determination from names can be complex. For example,
a proficient annotator of Arabic and its dialects may find difficulty to categorize unknown
names according to gender. Second, there were logistical difficulties in gathering a sizable
number of participants for this assessment.

Unlike authorship attribution, gender identification is at a higher level of abstraction. The
potential group of writers is not immediately accessible. Internet text messages are typically
shorter than traditional text documents, such books, about which authorship attribution is
primarily researched. Internet messages frequently contain unique language elements like
emoticons, which are not present in traditional text publications. Texts on the Internet might
have several formats or structures. owing to real-time constraints like Internet chat, instant
messaging, etc., among various people and circumstances.

2. LITERATURE SURVEY:

A. EXISTING WORK

One of the most well-known social networking services, Twitter, lets users read and publish
messages up to 280 characters on its platform. One of the most well-known social networking
services, Twitter, lets users read and publish messages up to 280 characters on its platform
Generally speaking, these communications are called tweets. The message size limit on Twitter
is one of the factors contributing to its popularity among social media users. Global internet
users have an equal chance to engage with other users on Twitter, including politicians,
celebrities, and other well-known individuals, and to follow them on a regular basis by reading
their tweets. Social media's rising ubiquity has produced a rare chance to gain broad knowledge
about human culture. One of the most well-known marketing websites, Omnicore Agency,
claims that over 330 million individuals use Twitter monthly.

The question of gender classification is becoming more and more relevant as social media users
share more content. governmental organizations and marketing companies. Many businesses
could benefit greatly from understanding this concealed content for a range of uses, such as
forensics, election forecasting, cybercrime forecasting, and movie box office forecasting. We
can ask human annotators to examine the names and assign the appropriate sex label as the
received JSON file actually contains the Author Name. But we decided against moving on in
this way for two reasons: First of all, because names are influenced by cultural background, it
is not always easy to infer someone's sex from their name. For instance, an annotator who is
proficient in the majority of Arabic dialects and speaks the language fluently would not be able
to identify the gender attached to names that he is unfamiliar with. Recruiting enough
volunteers for the assessment would not have been feasible.

This work will use various natural language processing (NLP) approaches on a text tweet using
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a tagged Twitter dataset to train the classifier to automatically determine a user's gender using
multiple Machine Learning (M L) methodologies. Classifying a sentence's or document's token
(Inverse Document Frequency) is often necessary for most natural language processing (NLP)
activities, including sentiment analysis. ML classification is then applied to train and forecast
the output label.

B. RESEARCH OBJECTIVE

The primary goal of this study is to build the dataset. An approximately 20,000 user tagged
dataset is offered by Kaggle . In order to create a tagged dataset for this study, We'll use this
dataset as a bootstrap to get tweets for every one of those users. This study's main objective is
to determine gender through the application of several machine learning (ML) and natural
language processing (NLP) techniques. approaches that utilize text features to distinguish
between distinct gender attributes. Numerous applications, such as psychological analysis and
marketing, have been developed within the applied research field as a result of this sort of study.

Examining a user's past tweets may aid in understanding their linguistic style, particularly if
they are interacting on Twitter while acting strangely. This analysis may facilitate
comprehension of the user's background and gender (male or female), and it may also disclose
patterns . With reference to referrals and promotion, In an attempt to reach the target gender,
several organizations send digital adverts via Twitter. This has shown to be highly successful in
terms of reaching a wider audience and generating more income, particularly for the e-
commerce sector.

Moreover, a large number of bots on social media sites like Twitter are known to disseminate
false information and fake news to the public, which may have an effect on elections and
important campaigns. Because of this, it's critical to be able to distinguish between a human and
a bot while writing these Tweets .

In practice, gender categorization for the two classes—male and female—given in the example
can be viewed as a binary or two-class problem. Assigning an anonymous text or message to a
class without knowing anything about the user is the goal of this categorization . Text analysis
is a highly difficult Problem for machines, yet it is very simple for humans. It is frequently
simple and quick for a human to discern the gender class by visual inspection. Text messages
or language sentences serve as these systems' input. Generally speaking, the standard NLP
machine learning task is to categorize a series of tokens, such as a document or phrase; that is,
to approximate the function f1 — (1,0).

In this case, f1 could be determined by the domain, emotion, etc. The objective is to assign a
number to each data point, representing a male or female category: 1 for males and 0 for females.

The sole distinction, though, is that it handles various text pairs in various tasks.

3. METHODOLOGY:
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A.PROPOSED SYSTEM

In response to your request, we have used author profiling and gender text data to build Random
Forest Machine Learning algorithms for this project. This trained model can be used to forecast
the weather in any written content. Keep a record What gender is the author, and is it the same
as before? Diverse linguistic motifs and styles are widely employed by writers of different
genders in their writing. Word choices, sentence structures, sentiment expression, discourse
markers, and word usage are some examples of these variations. Understanding and
quantifying these differences is critical to the problem at hand. Gender-specific writing styles
may be influenced by complex interactions between linguistic, psychological, and sociological
factors. Given that these trends might be further modified by demographic factors such as age,
education level, and cultural background, the problem is inherently complex. one area of
research called Authorship Analysis (AA) looks for writers in the texts that they write. Authors
Profiling (AP), a version of AA, focuses on identifying the characteristics of the authors. AP
is quite significant since it allows for a fine-grained examination that often exposes
discrepancies between the various author profiles. Authors who are similar to one another in
terms of sex, for example, will exhibit distinguishing characteristics and stylometric markers
in their writing that differentiate them from the other groups, according to the basic idea of
author profiling. One of the author profiling topics that has been thoroughly studied is gender
identity (GI)

Diverse gender writers frequently use diverse language motifs and styles in their works. These
variances include word selections, sentence patterns, sentiment expression, discourse markers,
and word usage. Comprehending and measuring these variations is essential to the issue at
hand. There may be a complicated interaction between linguistic, psychological, and societal
elements that affects gender-specific writing styles. The situation is made more complex by the
fact that demographic factors like age, education level, and cultural background can further
modify these patterns.

It was therefore necessary for us to devise a workable solution for this issue. We can ask human
annotators to examine the names and assign the appropriate sex label as the received

USER
» DATASET

=  Document 1 location()

= Upload first document ()

=  Document 2 location()

= Upload second document ()

= Predict authors &gender()

JSON file actually contains the Author Name. But we decided against moving on in this way
for two reasons: First of all, because names are influenced by cultural background, it is not
always easy to infer someone's sex from their name. For instance, an annotator who is proficient
in the majority of Arabic dialects and speaks the language fluently would not be able to identify
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the gender attached to names that he is unfamiliar with. Recruiting enough volunteers for the
assessment would not have been feasible.

B. SYSTEM ARCHITECTURE

The author gender identification can be treated as a binary classification. Given two classes
{male, female}, assign an anonymous text message into 1 and O to one of these classes:

Classl if the author of 1 is male
Class2 if the author of 0 is female

In order to create a hypothesis test, we must create a collection of characteristics that hold true
for a sizable Number of messages authored by writers of the same gender. A given message,
either 1 or 0, can be represented by a d-dimensional vector, where d is the total number of
features, once the feature space has been constructed. A model (or classifier) is constructed
based on a set of pre-classified messages that are known to exist, and it can be utilised to
ascertain the category of a given message.

Pre-processing: of the dataset among the many forms of Internet text messages, newsgroup
postings employ neutral, descriptive language, but more intimate, personal emails more
accurately capture the author's actual essence. As a result, these two extreme dataset categories
are used in the classifier design. Sentence-level writing style is captured by syntactic elements.
Regular punctuation (commas, colons, etc.) and multiple question/exclamation marks (???,!11)
are examples of syntactic features. Writers frequently employ multiple question marks and
exclamation marks to convey an attitude or mood in highly casual settings. Because men and
women employ punctuation differently, syntactic features have the ability to discriminate
between them. For instance, women tend to use more question marks than men do (Mulac,
1998).

A decision tree is a type of tree structure that resembles a flowchart and is created by
looking at a measure of information acquisition. Each attribute (or feature) in a decision tree is
represented as an internal node, each test's result as a branch, and the class label as a terminal
node.class prediction is achieved by tracing a tree path from the root to a terminal node given
a collection of attribute values. In Generally speaking, decision trees are a widely used
categorization technique with a wide range of applications (Safavian and Landgrebe, 1991).
Overfitting, however, could result from the data's large variation. The purpose of the ensemble
learning technique is to enhance the classification. precision (Weiss and Damerau, 1998).

4. EXPERIMENTAL RESULT:

We used SVM, one feature set at a time, to the sub-dataset whose messages contain at least
100 words in order to examine the importance of the suggested feature sets.Table displays the
categorization accuracy. It is evident that each of the five subgroups adds to the gender
identification. It is demonstrated that a set of word-based characteristics and function terms are
significant gender discriminators.
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Accuracy comparison by using one feature subset at a

time.

Feature Subset Accuracy (%)
Word based features 59.08
Character based features 73.48
Syntactic features 65.37
Structural features 6126
Function words 74.81
All features 85.13

5. CONCLUSION:

Although the quality of the results was good, we attempted to increase the accuracy by adding
more features to the text vectors, including word counts and average word lengths, but this had
no beneficial effect on the classifier's overall performance. A technique based on deep learning
may be investigated in the future. To evaluate the model's ability to handle Gen-der
Identification from generic social media, such as Arabic textual content, it can also be applied
to texts gathered from other social networks.
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