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Abstract—Author identification takes an important place in
Natural Language Processing (NLP). Each written document
carries the trail of its author. In this study, we aim to realize the
author identification via the traces belonging to author be
retrieved from the text. A raw dataset was created with 25
columnists and randomly selected 2024 texts from different
newspapers in the Turkish language. A dataset with character
and lexical features with natural language processing methods
were prepared over the raw dataset. The feature selection
process was realized with the combination of the Chicken swarm
optimization and the ensemble learning algorithms on the
prepared dataset. The results were evaluated before and after
the feature selection method was applied. The highest success
rate with 93.99% was achieved when Adaboost with J48
algorithm was applied after the feature selection process carried
out.

Keywords—authorship  identification,  chicken
optimization, AdaBoost, feature selection, boosting
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L INTRODUCTION

Author identification can be defined as the process of
determining the author of a text. In author identification
processes, the language of the author and the subject of the text
is also thought to affect the success of the models. Writing
modeling style independent of the subject of the text is a
difficult problem [4]. To identify the author of the text, a
proper classification algorithm along with the properly
selected attributes should be used. For this purpose, the feature
sets created over the text; Using n-gram [1-3] use of
punctuation marks [1], character-based attributes [1,2,4,5],
misuse [1,2,5], lexical features [2,6] word-based features like
stop words [2], the frequency of use of characters and spokes
varies as [2,3,6,7].

Studies have been carried out for different languages,
using different feature selection methods in different
languages. The literature has been studied in many languages
such as Arabic [5], German [6], Hebrew [7], Chinese [8],
Greek [9], Danish [10], Italian [11]. There are a limited
number of studies [14 -16] reported in the literature related to
author identification in texts written in Turkish Language. In
[14], 20 authors and 35 style markers were used to identify 20
authors in their texts. 22 style markers were selected using the
CFS Subset Evaluator with the sequence search method. With
this selection process, the highest success rate of the model
trained with classical machine learning algorithms has been
increased from 70.75% to 80%. In [15], 17 authors in total and
850 texts belonging to them were used. The study was carried
out on two separate data sets. Dataset 1 contains 10 authors,
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Dataset 2 includes 7 authors and their own text. The success
rate was 99.7% with the use of Chi-square feature selection
method as machine learning algorithms and feature selection
algorithm. The other study [16] on Turkish, a total of 18
authors and 630 texts were used. In the study, 3 different data
sets were used. The number of authors to be classified in the
datasets they created is given as 18, 9, and 9 respectively. The
average classification success of datasets was 72.4%, 80.0%
and 82.9%, respectively. In the study, which also used feature
selection algorithms, with dataset 3 that 9 authors and
containing their texts was achieved 96.9% as the highest
success rate. In their results, they also emphasized that the
number of authors was directly influenced by the classification
success.

Classification success in author identification is directly
related to the attributes. A high number of attributes when
combined with large datasets increases the cost of
classification algorithms. The ultimate aim of these techniques
is to increase the classification success while reducing the
classification cost. To overcome this drawback, the
application of feature selection approaches is commonly
preferred. Feature selection is the process of creating a smaller
and more informative subset over the original dataset features
[13]. Feature selection aims to find the smallest subset of
features that are required and sufficient to estimate the class
tag. However, feature selection methods alone may not be
sufficient enough since it may result in several global
solutions. To find the best global solution for feature selection
methods, swarm optimization algorithms have been used
[16,17] recently.

In this study, author identification with Chicken Swarm
Optimization (CSO) Algorithm and Adaboost approaches is
proposed. In the study, the data set consisting of 25 authors
and their 2024 texts were created. The study analyzes general
lexical and character traits, regardless of the subject content of
the texts, and can be used in this way for text written on any
subject.

The rest of the study is edited as follows: In the second
part, the dataset, feature selection method, and ensemble
method are described. The results of the study are in Section 3
and the conclusion is presented in Section 4.

II.  MATERIAL AND METHOD

The feature selection process used in this study is based on
three main functions, namely creation, evaluation, and
selection of subsets as shown in Fig. 1
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The first function involves creating subsets that differ from
the original dataset. The chicken swarm optimization (CSO)
algorithm was used in the process of creating a subset. Then
subsets that are formed are subjected to the evaluation process.
In the subset evaluation process, it is based on the process of
assigning the suitability value of the subsets and including
them in the solution class according to the suitability value.
Ensemble learning algorithms (ELA) were used to calculate
the suitability value. Subsets formed are given as input to
ELA. Resulted accuracy values obtained in classification were
assigned as the suitability value of each subset. The assigned
values were analyzed and additions to the solution class were
performed.

Raw Dataset

v

The Process of Creating
Subsets

v

Evaluation Process of
Subsets

v

Stop the Process?

Y,
h 4

Subset Selection

v

Subset

Fig. 1. The flowchart of the main process

The stop criterion is checked after subset evaluation. These
two main functions are repeated until the stopping criteria are
met. When no criteria are met, subsetting and evaluation
processes are repeated The stopping criterion may differ
depending on the design as reaching the pre-determined
suitability value or the number of cycles. When the stop
criterion is met, the subset selection process, the last main
function, takes place. The highest suitability value of all
subsets formed in the function is considered as the solution. In
this study, the stop criterion was determined as the number of
generations.

The last main function, the subset selection, covers the
subset selection process with the highest suitability value in
the solution class. The output is the subset of the final solution
and its suitability value.

A. DataSet

In this study, 2024 column articles are belonging to 25
authors taken from different websites as raw data. The features
of natural language processing techniques have been extracted
on the columns. Table I. shows the content of the dataset used
in this study.

In the Dataset distribution, the sample numbers are close
to each other. At least 48 texts are belonging to a writer. In
general, the dataset contains 80 texts for each author.

There is no proven feature set for author identification. In
studies conducted in this field, a certain set of qualities was not
used and generally lexical, syntactic or structural features are
examined on the texts. It is thought that the features used in
this study will yield successful results in the author's
identification.

TABLE I. CONTENT OF DATASET

Name Feature explanation Type Min-Max
tw Total No of words in the text int 10-1187
Vi No of words that appear only once in Int 1.947

the text
V2 No of words appearing only twice in Int 0-134
the text
ratioV2 | The ratio of words specified once in the
toV1 text to the No of words passed twice. Float 0-35.0
vt No of vowels used in the text Int 10-4774
qmt No of question marks used in the text Int 0-45
emt No of exclamation marks used in the Int 0-29
text
pst The ?e}renthems sign used in the text *( Int 0-18
and )
dt No of dashes used in the text Int 0-28
st No of semicolons used in the text Int 0-26
dst No of dots in the text Int 0-573
ct No of comma in the text Int 0-159
sqt No of single quotes in the text Int 0-4
dqt No of double quotes in the text Int 0-80
nst No of Sentence in the text Int 1-160
It No of letters in the text Int 25-11181
nct No of characters in the text Int 36-13430
alw Avg. of the no of letters used in the Float | 6.01-10.4
word
aws Avg. no of words in a sentence Float 1,5-51,6
ant Avg. word distance of nouns in the text | Float 0-29
avt Avg. word distance of verbs in text Float 1-12.4
aat gztg word distance of adjectives in the Float 0235
apt é;/tg word distance of pronouns in the Float 025
abt ::Ztg word distance of abbreviations in Float 0-250
Avg. word distance of words of
aut unknown type in the text Float 1-33.2
acnt Avg. word distance of certain nouns in Float 0-33.2
the text
an Avg. use of no in the text Float 0-88

B. Subset Creation Process

Different size datasets have been prepared to increase
success on the dataset. The size change was made only on
attributes. CSO algorithm is used for subset creation.

The CSO algorithm is an optimization method based on the
hierarchical order within the chicken swarm and the food-
seeking behavior that simulates the chicken swarm behavior.

CSO has been used in many different research areas because
of its convergence speed and accuracy that include robot path
planning[17], solving maximum sidelobe suppression
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optimization problems of antenna arrays [18], unlocking
migration problem for virtual machine consolidation [19],
parameter estimation of nonlinear systems in the industry [20],
and increasing energy efficiency in wireless sensor networks
[21].

The main rules of the algorithm;

(1) There may be more than one subgroup in the swarm,
and each subgroup contains one rooster and consists of
chickens and chicks, the number of which can be
determined parametrically.

(2) In the swarm, individuals with the best condition are
appointed as roosters and act as leaders in the assigned
group. Individuals with the worst condition value are
appointed as chicks, the rest of the individuals are
designated as chickens. The group where the chickens
will live is chosen randomly. The relationship between
mother hens and chicks is also randomly established.

(3) The hierarchical order is updated after the number of
generations determined parametrically.

(4) Chickens in each group follow the rooster, their group
leader, to look for food. At times, stealing between
chickens may occur. It is assumed that the chicks can
steal the food found by other individuals randomly and
that each chick follows his mother to look for food.

The general structure mentioned above has been used and it
has been made with the Adaboost method, which is the
condition value calculation part is ELA.

C. Subset Evaluation Process

Subsets created with CSO are given as input to the
Boosting method, which is an ELA. Boosting method is a
developed community learning method to minimize errors that
occur in classical machine learning algorithms [22]. In this
study, Adaptive Boosting (Adaboost) algorithm [23], which
has been transformed into an effective boosting method thanks
to the improvements made in recent years, has been used.
Adaboost[24], Adaboost aims to organize the erroneous
classification in the model it creates with its training data, with
other models. It continues until there is no possibility to
improve in the model[25]. The main purpose of the method is
to produce models with different weights from the same
training data and to perform the test results according to the
weighted majority vote [26].

The working principle of Adaboost algorithm is given in
Fig. 2. Initially, it creates a random size training set from the
training data set. It creates a model with the selected machine
learning technique and training set. For the correct prediction
of the final model to be created, it makes the selection of the
training set at each step. During the selection process, more
weight is assigned to previously misclassified sample data.
The operations continue until the number n determined in this
way or until all of the training data are classified correctly.

Subsets created with CSO were evaluated by Adaboost
algorithm. In this process, J48 algorithm was chosen as the
classifier within the Adaboost algorithm. While selecting the
algorithm, the classification success made before the feature
reduction is taken into consideration (Table II).

The evaluation was based on Accuracy Acc, Eq. (1), which
is frequently used in the literature in evaluating machine
learning algorithms.

Acc= (TP+TN) / (TP+TN+FP+FN) (1)

where TP is true positive, TN is true negative, FP is false
positive and FN is false negative.
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Fig. 2. General working principle representation of Adaboost algorithm
(UWT: Updated Weighted Training)
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D. Subset Selection Process

In this study, the feature selection process was realized by
the combination of CSO and Adaboost method. In the CSO
algorithm, subsetting and evaluation operations have been
realized as much as G value determined parametrically. G
value was determined as 32 in the study.

According to the termination criteria of the optimization
algorithm, the subset with the Acc value closest to 100%
classification success was chosen as the result dataset.

In addition to the Adaboost(J48) algorithm results, the selected
dataset was also tested in the Adaboost algorithm with Naive
Bayes, SVM, KNN, Decision Table algorithms.

III. RESULT OF STUDY

In the evaluation of the result of this study, the metrics
generally used in the literature to evaluate the results of
machine learning algorithms are used.

In addition to accuracy calculation, sensitivity Sen, Eq. (2)
and specificity Spe, Eq. (3) metrics were used.

Sen = TP/ (TP+FN) 2)

Spe = TN / (FP+TN) 3)

The main dataset prepared in the study (Table I) was
subjected to training and testing with the Adaboost algorithm
and 5 different classifier methods. The results are given in
Table II. The evaluation process was carried out with the
Adaboost with J48 algorithm since it has achieved the highest
classification success as seen in Table II.

TABLEII. SUCCESS METRICS AND VALUES BEFORE FEATURE SELECTION

OPERATION
Adaboost model algorithms Acc (avg.) Sen (avg.) Spe (avg.)
w/Naive Bayes 72.818% 73.9% 72.8%
w/SVM 79.79% 82.4% 79.8%
w/KNN 82.41% 82.6% 82.4%
w/Decision Table 76.16% 88.2% 76.2%
w/J48 89.82% 90.5% 89.8%

Once the new dataset obtained after the feature selection
process, the same algorithms were trained and tested. The
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results are given in Table III. With the use of CSO in this
study, the aim is to exceed the highest success value made on
the main dataset. When the results are evaluated, the effect of
the feature selection process on success is observed. Although
subset evaluation is performed only by one algorithm
Adaboost with J48, in general, an increase in success
evaluation criteria is observed in all algorithms except
Adaboost with Decision Table. The highest level of
improvement rates was obtained in Adaboost with Naive
Bayes with 8.4% increase in accuracy
Acc with CSO optimization. However, it was less than the
Acc value of Adaboost with J48 even before feature selection
was applied.

TABLE III. SUCCESS METRICS AND VALUES AFTER FEATURE SELECTION

OPERATION
Adaboost model algorithms | 4cc (avg.) Sen (avg.) Spe (avg.)
w/Naive Bayes 81.22% 81.22% 81.2%
w/SVM 80.13% 79.9% 80.1%
w/KNN 84.68% 84.3% 84.7%
w/Decision Table 73.56% 74.9%, 73.6%
w/ J48 93.99% 93.9% 93.7%

The results showed that the dataset created using natural
language processing techniques and the use of CSO and
Adaboost algorithm can be used in author identification
studies.

IV. CONCLUSION

In this study, a dataset was created using natural language
processing techniques on Turkish columns compiled from 25
different authors. The feature selection process has been
realized with the method created by the combination of the
dataset CSO and Adaboost algorithms. Success values before
and after the feature selection process were compared. It was
observed that the feature selection method used in the study
increased success in Adaboost algorithms with Naive Bayes,
SVM, KNN, and J48.

Increased success with the combination of the chicken
swarm optimization algorithm and community learning
algorithm has been found to have a strong potential in
predicting the identity of an author along with the feature
selection process.

We think that the diversity of authors as well as the
diversity of the languages are also important in the
measurement of the success rate of the classification
algorithms. The authors can be identified in different
languages with the same techniques to monitor whether the
language affects the models. Future studies will be a focus on
larger datasets with an increased number of authors and added
languages.
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