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Abstract: In today’s world, electronic text is used for
communication on a large scale. Most of this content is
provided anonymously or under unverified names. For
forensic applications, it is important to segregate text into
groups of text that may be written by the same individual
under a different alias. There are many copyright dispute
cases, where multiple people claim the ownership of some
content.
Authorship
identification
along
with
mathematical or statistical analysis of texts could be the
key to solve this problem. When an individual writes, they
subconsciously use a certain array of words or writing
patterns and sentiments, and we could use this to
determine their writing style. The fundamental
assumption of authorship identification is that each
individual has a habit of subconsciously using certain
words, patterns and emotions that make their writing style
unique. Extraction of these individual features from text
could be used to distinguish one author from another.
The problem statement for our system is as follows:
Building a system that can be trained to recognize a
certain individual based on his writing style i.e. the set of
words (features) used frequently by the individual. This is
also known as generating a writeprint (similar to a
fingerprint). With the help of this writeprint the system
will be able to identify any other documents or texts which
have been written by the same individual. This should
help reduce plagiarism in case of authors and can also be
used in forensics to identify criminals based on their
writing.
Keywords: Authorship Identification, Handwriting
Analysis, Plagiarism Detection, Writeprint, Feature
Extraction.

1. INTRODUCTION
Nowadays, text is used for every basic form of electronic
communication. Many times it is also used for malpractices
like copyright issues, plagiarism, terrorist communication,
cyber harassment, etc. In most of these situations, the texts
are sent anonymously. Thus, it becomes important to be
able to identify the actual author of such malicious texts to
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counter these malpractices. Authorship Identification could
provide a simple solution for the same.
There has been previous research in this field. Sadia Afroz
[1] has studied deception in authorship attribution and
derived features for the same. Mubin Tamboli and Rajesh
Prasad [2] have studied the various techniques for
authorship identification. Yitao Li [3] and Efstathios
Stamatatos [4] have studied the different machine learning
approaches for authorship identification and have compared
the results for various algorithms. Siddharth Swain, Gaurav
Mishra and C. Sindhu [6] have studied recent experiments
and compared between their results, based on the
approaches they used. [7]- [23] include various researches
in the fields of online text attribution, nature recognition
from text, and text analysis techniques.
This paper studies the need of Authorship Identification,
and thereafter, proposes an architecture for it. It focuses on
using N-gram with certain features and feeding them into a
Naïve Bayes classifier along with XGBoost for
classification.
The paper also tests the accuracy for various sub
approaches like tfidf, word count and their combination
with XGBoost to determine the best sub approach. Finally,
a dataset is generated and the system is coded in Python
using Anaconda3 and Jupyter Notebook along with
WordCloud for display.

2. ARCHITECTURE AND WORKING
2.1 Proposed System Architecture
After studying the previous works in the field of
Authorship Identification [1], [2], [3], and studying the
different components involved in Authorship Identification,
we have broken down the entire process of Authorship
Identification into four parts: Document Collection, Feature
Extraction, Classifier Construction, and Authorship
Identification [2].
Document Collection refers to collection of input in the
form of text from various documents and sources and
generation of dataset.
Feature Extraction is the process of identifying various
stylometric features. It also uses N-gram up to 4-grams.
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This is followed by the generation of a Writeprint for
testing and classification.
Classifier Construction is the comparison and classification
of the set. Using the input and database of feature sets, the
classification is done with the help of Naïve Bayes
classifier along with XGBoost.
Authorship Identification uses the Writeprint obtained in
Classifier Construction to validate the author and generate
the final result.

one of the known authors or individuals.
2.3 Proposed Algorithm for Classifier
After studying the different approaches for Classifier
Construction like Support Vector Machines (SVM), K
Nearest Neighbors (KNN), Random Forest in previous
researches [3], [4] and comparing the results of previously
built systems [6], we selected Naïve Bayes algorithm for
classification.
Naive Bayes classiﬁer has the advantage of being simple
and eﬃcient in both the training and testing phases. Also
unlike the SVM classiﬁer and the CNG classiﬁer, the Naive
Bayes classiﬁer does not depend on any model with
tuneable parameters, hence does not require any search in
parameter space. Another advantage of the Naive Bayes
classiﬁer is that its output can be probability values, while
the outputs of the SVM, KNN, and the random forest
classiﬁers can only be discrete class labels.

Figure 2 Naïve Bayes Classifier

Figure 1 Proposed System Architecture
2.2 Proposed Tool for Feature Extraction
Natural Language Tool Kit (NLTK) is a platform for
building Python programs to execute on, with data as
human language. It provides simple standard interfaces to
over 50 text databases, patterns, semantic and lexical
resources like WordNet, along with a collection of text
processing
libraries
for
preprocessing,
parsing,
classification, stemming, tagging, tokenization,
and
semantic reasoning,.
Using the libraries found in NLTK the system first “learns”
the style of known candidate authors based on documents
of those authors, and the style of a given set of anonymous
documents by extracting up to 8 meta-features and
selecting the top 3 most used meta-features. It then
estimates the ownership of the anonymous documents to
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2.4 Working
The libraries used for all the natural language processing
are imported from the ‘Natural Language Tool Kit’ i.e.
NLTK. The data set used is in the form of an excel sheet
(.csv le) where each sentence of the book is stored in a row
associated with author name and line ID.
The first step involves pre-processing the collection of
sentences, which involves tokenization, stemming and
lemmatizing the training data set From this the frequency of
each word used is calculated followed by determining the
occurrence (in which context) of each word using N-gram
technique. Eight key meta-features are then extracted from
the pre-processed text. Out of these the top 3 features are
chosen for vectorization.
The text is then made to undergo vectorization, which is
then fed into the Naive Bayes classifier. The unknown
author’s text is then imported from the testing dataset and
the probabilities for each author is calculated using
XGBoost Model. The output is displayed in the form of a
statement along a WordCloud representation to represent
the most frequently used words by that particular author.
The entire setup has been on the Anaconda IDE used for
Python programming, along with Jupyter Notebook, which
allows programmers to execute code step by step in order
to debug with greater ease.

Page 2

International Journal of Emerging Trends & Technology in Computer Science (IJETTCS)
Web Site: www.ijettcs.org Email: editor@ijettcs.org, editorijettcs@gmail.com
Volume 8, Issue 3, May - June 2019
ISSN 2278-6856
3. TESTING AND RESULTS
3.1 Testing various Sub Approaches
3.1.1 Naïve Bayes on Tfidf Vectorizer Loss with
Confusion Matrix
TFIDF is short for ‘term frequency–inverse document
frequency’. It is a computational statistic that intends to put
forth how significant a word is to a text sample in a
collection or database. It is generally used as a weighting or
determining factor in retrieval of information and data
mining. The TFIDF value grows in proportion to the
frequency or occurrence of the word in the text sample, and
is offset by the number of text samples in the database that
contain that particular word. This establishes the claim that
some words appear more frequently than others. TFIDF is
one of the most popular schemes for estimating the
weightage of a term. A majority of the text-based systems
today use TFIDF.
Based on the confusion matrix obtained, we calculated an
accuracy of approximately 66.87%.

Figure 4 Confusion Matrix for Naïve Bayes on Word
Count
3.1.3 Naïve Bayes on Combination of Word Count
and XGBoost
XGBoost is a highly efficient, flexible and portable
gradient boosting library that can be used to boost the
performance of a learning algorithm. It is highly
optimized and distributed. It makes use of a Gradient
Boosting framework to bolster machine learning
algorithms. XGBoost provides boosting known as
GBDT or GBM, which operates in a parallel tree
fashion. This solves any machine learning problem in a
quick and efficient manner. The exact same code can
run on various different distributed environments like
Hadoop, SGE, MPI, etc.; and can solve any given
problem.
Based on the confusion matrix obtained, we calculated
an accuracy of approximately 86.95%.

Figure 3 Confusion Matrix for Naïve Bayes on
Tfidf Vectorizer
3.1.2 Naïve Bayes on Word Count Loss with
Confusion Matrix
The word count is the number of words in a document
or passage of text.
Based on the confusion matrix obtained, we calculated
an accuracy of approximately 86.79%.

Figure 5 Confusion Matrix for Naïve Bayes on
Combination of Word Count and XGBoost
Thus, Naïve Bayes on Combination of Word Count and
XGBoost gives the best possible result with an accuracy of
86.95%.
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3.2 Training and Testing Data Set
The dataset contains text from works of fiction written by
famous authors of the public domain such as Edgar Allan
Poe (EAP), H. P. Lovecraft (HPL) and Mary
Wollstonecraft Shelley (MWS).
The training dataset contains an ID, the text sample and its
corresponding author. The testing dataset contains only an
ID and the text sample.

Word Cloud is used to display most frequently used
words by the authors.

Figure 8 Word Cloud
The figure above shows the Word Cloud for author
EAP. Similarly, the Word Clouds for the other two
authors were generated.
3.3.2 N-Gram
We determine 4-Gram for each author. This gives the
relation and context in which the word was used, by
grouping it with other words it was used along with, and
checking the frequency of this group up to a total of 4
words in a group.
Figure 6 Training Data Set

Figure 9 N-Gram
The figure above shows the N-Gram for author HPL.
Similarly, the N-Grams for the other two authors were
generated.

3.3.3 Feature Graphs
Figure 7 Testing Data Set

This plots a graphs of each of the 8 Meta features for
each author.

3.3 Results
3.3.1 Word Cloud
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Figure 11 Top 3 Meta Features Graph
3.3.5 Sentimental Analysis
Sentimental Analysis provides information about the
nature and mindset of an individual. The nature of the
authors have been categorized into 3 types:
1. Positive
2. Negative
3. Neutral

Figure 10 Feature Graphs
3.3.4 Top 3 Meta Features
As seen here, the following are the top 3 meta-features
chosen for further processing: Number of characters
used, Number of average words used, Number of
unique words used.

Figure 12 Sentimental Analysis
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3.3.6 Final Output
The final output is the set of testing text samples with the
probabilities for each author.

Figure 13 Final Output

4. CONCLUSION AND FUTURE SCOPE
A system for Authorship Identification was successfully
created using Naïve Bayes with XGBoost approach. The
system performs at an accuracy of 86.95%.
In the future, we plan to expand the current system to a
system that can dynamically take inputs and create a dataset
that can be used for training of the system. We plan to
implement an OCR component within the system to enable
the application of the system over pictures, PDFs, etc. We
will improve the accuracy of the system and enhance its
performance. We also plan to implement our system in real
world applications like authorship identification, plagiarism
detection, handwriting analysis, text matching, etc.
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