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Abstract— In this study, using the word embedding method
Doc2vec, the Turkish Text Classification 3600 (TTC-3600)
dataset consisting of Turkish news texts was classified based on
deep learning. Most commonly used classifiers were selected:
Convolutional Neural Network (CNN), Gauss Naive Bayes
(GNB), Random Forest (RF), Naive Bayes (NB) and Support
Vector Machine (SVM). While investigating the effect of text
preprocessing steps on the success rate in the study, the results
are compared with the previous studies with the TTC-3600
dataset. In the proposed model, a better accuracy rate was
achieved with a result of 94.17% compared to the studies in the
literature.
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I. INTRODUCTION

Internet usage continues to grow day by day [1]. This
increase also causes data to be produced. It is very difficult to
manually classify the data due to its unstructured nature.
Fields such as Natural Language Processing [2], Machine
Learning [3] allow us to automatically classify data.
Classification, which enables to analyze data containing text,
is the process of separating the data into predefined classes.
There are many studies in the literature on text classification,
but most of these studies have been done with English texts.
Therefore, although there are fewer datasets, tools and study
resources to be used in text classification compared to the
English language, studies in other languages have been
increasing in recent years.

One of the studies on the classification of Turkish texts, a
system called NECL was developed by Catal et al. [4]. This
system, developed by using N-grams, was used in
classification of documents. Amasyali and Diri [5] suggested
that n gram-based approaches performed better with Support
Vector Machine (SVM), J48 and Random Forrest
classifications. Cataltepe et al. [6] investigated the effect of
root length on classification. As a result of the research, it was
concluded that Centroid classification using shortened roots is
more successful. In a study conducted by Giiran et al. [7], the
best success rate among the Naive Bayes (NB), Decision Tree
(J48) and K - Nearest Neighbor (K - NN) classification
algorithms on Turkish datasets was obtained in the Decision
Tree algorithm. Amasyali and Beken [8] divide Turkish words
into different categories semantically and suggest
classification with a different approach. The best result was
obtained by Linear Regression classification method.

Torunoglu et al. [9] made an important study on text
representation and text classification in terms of
preprocessing. In this study, data cleaning, root separation,
word feature weighting stages were tested on the Turkish
dataset. According to the results, they stated that while the
word root is beneficial in Knowledge Acquisition problems, it
does not contribute to text classification. Tiifek¢i and Uzun
[10] investigated the effect of term weighting methods on the
determination of text texts and the best result was obtained
with SVM classification. Uysal and Gunal [11] stated that
preprocessing is important for text classification by using a
dataset consisting of English and Turkish e-mails and news.
They examined how the SVM classification method and
preprocessing stages affect the accuracy rate, and as a result,
it is seen that while some preprocessing methods decrease the
accuracy rate in text classification, conversion to lowercase
and removing stop-words increase the accuracy rate. Levent
and Diri [12] conducted a study on recognizing the authors of
Turkish texts with Artificial Neural Networks, and the study
obtained close results in terms of success rates compared to
the algorithms used previously. Kiling et al. [13] created a
Turkish dataset containing news texts named TTC-3600 and
shared it for use in academic studies. At the same time, they
applied the model they developed on the dataset they created.
In the model they proposed, they used word bag, n-gram
model and feature selection models for text representation. As
the classification methods, 6 different algorithms were applied
and feature selection models were used. They classified the
text representations obtained by feature selection using
Zemberek library to separate word roots and ARFS (Attribute
ranking-based Feature Selection) for feature selection.
Conclusion It is emphasized that the RF classifier gives the
best result. Kiling [14] evaluated the effect of collective
learning models on Turkish text classification. Text
classification process was carried out on TTC-3600 dataset
with NB, SVM, K-Nearest Neighbor (KNN), J48 Decision
tree and their Boosting, Bagging and Rotation Forest
community learning models. As a result of the study, it has
been shown that the basic classification methods of collective
learning models increase the success rate. Bagkaya and Aydin
[15] reduced the size of a dataset with 4 categories and 20
news texts belonging to each category taken from different
news sites and newspapers with the CfsSubset Algorithm and
then classified the dataset with the NB, DVM, J48 and RO
methods. Kaynar and Aydin [16] used autocoder and deep
learning network as feature reduction method for emotional
analysis and compared with other common feature reduction
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techniques. Act and Cirak [17] were classified on TTC-3600
dataset using CNN and Word2Vec word embedding method
and success rates were compared with previous studies using
the same dataset. In the study, both the original and the body
version of the TTC-3600 dataset are trained with two different
CNNs. Compared to previous studies, a higher success rate
was achieved with the method they recommended. Yildirim et
al. [18], using two different datasets, TTC-4900 and TTC-
3600 [13], which have 700 text documents under 7 different
categories shared by the Bone DDI Group, in their study,
using neural network-based text representations and a method
of classifying traditional text representations. compared with.
Knowledge Gain and chi-square approach are used in
traditional text representation, PV-DM, PV-DBOW, PV-DM
+ PV-DBOW, and vector averages are used in artificial neural
network-based architecture. Knowledge Gain and chi-square
approach is more successful than other text representation. has
been found. With the PV-DM method Logistic Regression
classifier, 89.0 in the TTC-4900 dataset, 92.3 F1 in the TTC-
3600 dataset, the Information Gain (IG) is 90.0 in the TTC -
4900 dataset with the multi-nominal NB (m-NB) approach
with feature selection. 93.1 F1 success rate was obtained in
3600 datasets. Using the Doc2Vec word embedding method,
Safali et al. [19] classifies academic documents belonging to
9 different categories using RNN and LSTM architectures.
Aydogan and Karci [20] created two different unlabeled
Turkish datasets and trained using Word2Vec method. CNN,
RNN, LSTM and GRU methods are used in the study. The
variations of the architectures created in terms of depth are
compared and their effects on the accuracy rate are analyzed.
Koksal et al. [21] used the TTC-4900 dataset in their
experiments. This dataset is similar to the TTC-3600 dataset.
The TTC-4900 dataset consists of 700 examples of both
Turkish and English texts belonging to 7 different classes, and
has a total of 4900 news documents. Data correction was
applied primarily in the study. Then stop-words in Turkish and
then English are removed. Finally, the root separation
(lemmatization) process is applied. Correcting the original
data improved the f1 score while lemmatizing decreased it.
Accordingly, 90% f1 score was obtained for the original
dataset, while correcting the data without applying
lemmatizing, the f1 score increased to 91.77%.

The aim of this study is to compare the success rates of
classifying Turkish news texts by using Deep Learning and
Doc2Vec methods with the methods studied so far in the
literature. In this context, the TTC-3600 [13] news dataset has
been recorded as 4 different datasets according to the
preprocessing steps applied. After the Doc2Vec training
model of each dataset was created, it was classified with CNN,
GNB, RF, NB and SVM. Better accuracy rates have been
achieved in the developed model compared to studies in the
literature.

The remainder of the article is organized as follows: In
Chapter 2, information is given about the methods used, and
in the material and method section in Chapter 3, details about
the dataset, preprocessing stages and the models created are
given. The results of the method suggested in Chapter 4 were
compared with previous studies and the article was finalized.

Il. METHODOLOGY

A. Doc2Vec

Word Embedding method has been developed so that the
texts can be perceived by the computer [22]. It is based on

artificial neural networks and words are represented as
vectors. Doc2Vec model was used as word embedding
method in the study. Doc2Vec, developed by Quoc Le and
Tomas Mikolov, generates a vector representing the document
to predict the target word [23]. When doing this, the length of
the document is not counted. It has two different methods. One
of them is the Distributed Memory Model of Paragraph
Vectors (PV-DM) and the other is the Distributed Bag Of
Words of Paragraph Vector (PV-DBOW).

In the PV-DM method, each paragraph is accepted as a
word and each paragraph has a special identity, namely a
vector representation. First, vectors are started randomly. It
acts as a moving memory, taking into account what is missing
in the current context. While the document vector represents
the concept of the document, the word vector represents the
concept of the word [23]. PV-DBOW uses a paragraph vector
to classify words in the document instead of guessing the
target word. It is a structure that consumes little memory and
less resources because it does not need to save word vectors.

B. Convolutional Neural Network (CNN)

Deep Learning [25] is a set of methods consisting of
artificial neural networks based on deep architecture, the
number of hidden layers is increased and a feature of the
problem is learned in each layer. In this architecture, the
attribute learned in each layer creates an input to the upper
layer. Thus, a structure in which the simplest to the most
complex feature is learned from the lowest layer to the top
layer is established [26]. The main purpose of deep learning is
to transform the input data into a state that can provide a more
effective learning with various transformations and then
operate the learning algorithm [27].

Although CNN, which is a specialized architecture of deep
learning, is very successful especially in image processing, it
has been frequently used in text classification studies in recent
years. A CNN architecture can be studied in three parts,
basically the convolutional layer, the pooling layer and the
fully connected layer. In the convolutional layer, the input is
filtered and feature maps are obtained. Feature maps are
sampled in the pooling layer and a more general and faster
learning of the network is provided. Finally, each neuron in
the fully connected layer generates an output based on all
inputs from the previous layer. Each layer extracts attributes
based on the result of the previous layer and can learn the
attribute hierarchy by combining and training all layers. The
aim here is to achieve effective learning starting from low
level details to high level details.

C. Naive Bayes

Naive Bayes is one of the simplest, understandable and
easily applicable machine learning algorithms used in
classifying text created using Bayes' theorem. With this
method, the probability that the target attribute of a sample
belongs to the class value can be found [28].

P&IOP() )
P()

Where, P(c|x) is the probability of instance x being in
class ¢, P(x|c) is the probability of generating instance x
given class ¢, P(c) is the probability of occurrence of class ¢
and P(x) is the probability of instance x occurring.

P(clx) =
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D. Gauss Naive Bayes

Gauss Naive Bayes enables classification of numerical
data with Gaussian distribution as well as categorical data.
Working with Gauss (Normal distribution) is easiest because
it is only necessary to estimate the mean and staridard
deviation from the training data. We can calculate the mean
and standard deviation of input values (x) for each class.

X

mean (u) = N

Where N is the number of samples and x; is the value for
each input variable in the training data.

Zlivzl(xi —p)? (3)

standard deviation (o) = N

Where N is the number of samples, x;is the i th sample,
and u is the mean value. The difference of each sample from
the mean is squared and added. It is then divided by the total
number of samples. By taking the square root of this, the
standard deviation is obtained.

When making predictions, these parameters can be added
to the Gaussian Probability Density Function with a new entry
for the variable, and in return an estimate of the probability of
this new input value for that class is provided.

fx) = e2(5) (4)
oV2m
f(x) is the Gaussian Probability Density Function. Here
and above is the mean and standard deviation we calculated.
is the numeric constant, the numeric constant or the number of
Euler raised to power, and is the input value for the input

variable..

E. Random Forest

Random forest algorithm is a supervised classification
algorithm. The algorithm randomly creates a forest. There isa
direct relationship between the number of trees in the
algorithm and the result it can achieve. As the number of trees
increases, a precise result can be obtained. There are several
reasons why the random forest classification method is
preferred. It can be used in both classification and regression
tasks. For this algorithm, if there are enough trees in the forest,
the probability of overfitting problem is reduced. Over-
learning is a critical problem that negatively affects results.
Another advantage is that the classifier can be modeled for
categorical values.

F. Support Vector Machine

Support Vector Machine is capable of separating data into
two or more classes with separation mechanisms in linear
form in two-dimensional space, planar in three-dimensional
space and hyperplane in multi-dimensional space [29]. The
method, which is frequently used in determining the classes
that can be separated linearly, is successfully used in the

classification of nonlinear data by moving the input space that
cannot be separated linearly through kernel functions to this
higher dimensional linearly separable space.

I1l. MATERIALS AND METHODS

A. Dataset

The TTC-3600 dataset, which was prepared to be used
widely in Turkish news classification studies, was compiled
by Kiling et al. [13] in 2015. TTC-3600, an easy-to-use and
well-documented dataset published in Turkish news datasets
in recent years, is accessible [30]. The dataset consists of 3600
documents containing 600 news / texts in 6 categories:
economy, culture and arts, health, politics, sports and
technology. News texts were collected from relevant news
portals via Rich Site Summary (RSS) between May and July
2015 [13].

TABLE I. TTC-3600 DATASET [13]

Category Total Number of Data
(Documents)

Economy 600

itrjtlzure and 600

Health 600

Politics 600

Sports 600

Technology 600

Total 3600

Some important preprocessing steps were applied on the
TTC-3600 dataset. In order to investigate the effect of these
stages on the success rate, 4 different datasets were created
according to the preprocessing steps applied. These datasets
were determined as the original dataset (Orig-DS), cleaned
dataset (C-DS), dataset prepared by reducing words to their
roots using Zemberek (Zemb-DS) and both cleaned and
Zemberek applied dataset (Clean+Zemb-DS).

B. Text Preprocessing

Data preprocessing is one of the most important factors
affecting the success rate. Therefore, the following text
preprocessing steps were applied before the TTC-3600 dataset
was vectorialized. Before applying the preprocessing stage to
the dataset, the word clouds with the most repetitive first 50
words belonging to the classes are shown in Table 2.

As discussed in word clouds, stop words are used quite a
lot in each class. These words were removed from the dataset
because they did not have any distinguishing features and
could negatively affect the success rate.In addition, all words
were converted to lowercase, all characters such as numbers,
symbols and punctuation marks except letters were cleared.
After these steps, the original TTC-3600 dataset was saved as
C-DS.
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TABLE II. WORD CLOUDS OF CLASSES IN DATASET
Economy Culture and Arts Health
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Zemberek [31] library was used for the separation process, TABLEIV.  CNN ARCHITECTURE USED IN THE STUDY

which is another important preprocessing step. For this, firstly,
the words in the original dataset were divided into root form.
This was recorded as Zem-DS. Finally, both data cleaning and
rooting processes were applied to the original dataset and
Clean+Zem-DS was created. The created datasets are ready
for Doc2Vec training model.

C. Doc2Vec Model

The datasets created are first transformed into vector by
creating the Doc2Vec training model. There are some
important parameters when creating the Doc2Vec model.
These; feature vector size (vector_size), Dov2Vec methods
(dm), maximum distance (window) between the current and
predicted word in a sentence, ignoring all words whose total
frequency is less than the specified value (min_count), and the
number of iterations. The parameters and values determined
in this study are shown in Table 3.

TABLE II1. DOC2VEC MODEL PARAMETERS
Parameters Value
vector_size 100
dm 1
window 3
min_count 5
iteration 50
D. CNN Model

After Doc2Vec model was created for each dataset, each
one was ready for classification. The proposed CNN model
has a maximum pooling operation. After each convolution
layer, the feature maps are pooled and their dimensions are
reduced, thus reducing the variation in features. Then flatten
and dense layers are used. ReLU function is used for
activation in hidden layers and Softmax activation function is
used in the output layer of the model. The CNN architecture
used in the study is shown in Table 4.

CNN Layers
Convolution2D - 16 (3x3 Filter)

MaxPooling - (1x1 Filter)
Convolution2D - 32 (3x3)
MaxPooling - (1x1 Filter)
Convolution2D - 64 (3x3)
MaxPooling - (1x1 Filter)
Convolution2D - 128 (3x3)
MaxPooling - (1x1 Filter)
Flatten
Dense — 4096 (Activation Fonc. = ‘ReLu’)
Dense — 4096 (Activation Fonc. = ‘ReLu’)
Dense (4, Activation Fonc. = ‘SoftMax”)

IV. EXPERIMENTAL RESULTS

In this study, our aim is to compare the success rates as a
result of classifying the datasets created according to the
preprocessing stages applied to the TTC-3600 dataset by
creating the Doc2Vec model. In order to classify in the
proposed method, documents expressed as vectorial with
Doc2Vec model training are divided into 90% training and
10% test. Then, the datasets were classified using the deep
learning model CNN and traditional machine learning
methods GNB, RF, NB and SVM. When classifying with
CNN, Python libraries Tenserflow and Keras [32-33] are used.
While making machine learning classifications, Knime
software, which is a data analysis platform, was used [34].

In the method we propose in terms of classifying Turkish
news texts, the highest accuracy rate was obtained as 94.17%
as a result of the CNN classification of the PV-DM model of
the Clean + Zemb-DS dataset. The accuracy rates obtained by
classifying each dataset after creating the Doc2Vec training
model are given in Figure 3.
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Fig. 1. Comparison of accuracy rates of CNN, GNB, RF, NB and SVM classification methods for each dataset.

When the results are examined according to the accuracy
rates, in each dataset, CNN gives better results than other
machine learning classification methods. While the
accuracy rate obtained with CNN increases when the text
preprocessing steps are applied, it is seen that some text
preprocessing stages decrease the success rate in some
machine learning methods.

Basically, accuracy can immediately tell us whether a
model is properly trained and how it can perform overall.
However, it does not give detailed information about its
application to the problem. Therefore, we need to know the
precision, sensitivity and f1 score to get a better answer.
Therefore, for all classification procedures, other success
criteria were also looked at.

Accuracy value is calculated by the ratio of the areas that
we correctly estimated in the model to the total dataset.
Precision shows how many of the values we estimate as
Positive are actually Positive. The precision value is
particularly important in situations where the cost of False
Positive estimation is high. Recall is a metric that shows
how much of the transactions we need to predict as Positive.
Recall value is also a metric that will help us in situations
where the cost of estimating as False Negative is high. It
should be as high as possible. F1 Score value shows us the
harmonic mean of Precision and Recall values. The reason
why it is a harmonic average instead of a simple average is
that we should not ignore extreme cases.

TABLE V. ORIG-Ds SUCCESS MEASURES (%)
Classification  Accuracy Precision Recall F1 Score
CNN 86.94 86.67 87.17 86.83
GNB 83.89 83.15 83.60 83.10
RF 84.44 84.98 84.45 84.42
NB 82.78 82.70 82.80 82.60
SVM 86.39 86.30 86.40  86.20

TABLE VI. C-Ds SucCESS MEASURES (%)
Classification  Accuracy Precision Recall F1 Score
CNN 89.72 89.50 89.50  89.50
GNB 86.38 86.23 86.35  86.07
RF 89.72 89.80 89.73  89.72
NB 82.78 82.50 82.80 82.40
SVM 86.95 86.90 86.90 86.80

TABLE VII.  ZEMB-DS SUCCESS MEASURES (%)
Classification  Accuracy Precision Recall F1 Score
CNN 90.28 89.67 90.17  90.00
GNB 88.89 89.42 88.87  89.00
RF 84.17 85.17 85.00 84.80
NB 85.00 85.10 85.00 84.80
SVM 86.39 86.60 86.40  86.30

TABLE VIIl.  CLEAN+ZEMB-DS SUCCESS MEASURES (%)
Classification  Accuracy Precision Recall F1 Score
CNN 94.17 94.17 94.19 94.00
GNB 88.33 88.17 88.20 88.13
RF 85.00 84.18 84.18  84.05
NB 85.00 85.00 85.00 84.90
SVM 87.22 87.20 87.20 87.20

When the success criteria are evaluated, the rankings in
precision, sensitivity and f1 score are exactly the same as
the accuracy criteria order. In addition, below, the graphs of
training and test accuracy and loss according to the CNN
training model results are given in Figure 4 and Figure 5.
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Fig. 3. CNN training and validation loss graph for each dataset.

TABLE IX. COMPARISON TABLE
Study Dataset Model Accuracy (%) F1 Score (%)
Kiling, D. et. al. [13] TTC-3600 RF + Zemberek + ARFS 91.03 -
Kiling, D. [14] TTC-3600 J48 + Boosting 85.52 -
Act, C. 1. [17] TTC-3600 Word2Vec + CNN + Zemberek 93.30 -
Yildirim, S. and Yildiz, T. [18] TTC-3600 M-NB + IG - 93.33
Yildirim, S. and Yildiz, T. [18] TTC-4900 M-NB + I1G - 90.00
Koksal [21] TTC-4900 SW + No Lem. 91.77 -
Proposed Method TTC-3600 Doc2Vec + CNN + (Clean+Zemb-DS) 94.17 94.00

The summary of the results of the proposed system and
the results obtained in previous studies with TTC-3600 and
TTC-4900 datasets are given in Table 9. When compared
with the F1 score and accuracy of previous studies, it is seen
that the model we suggested gives better results with a
success rate of 94.00% and 94.17%, respectively.

V. CONCLUSION

After the TTC-3600 dataset consisting of Turkish news
texts belonging to 6 different categories was recorded as 4
different datasets according to the text preprocessing stages,
the Doc2Vec training model of each dataset was created.
Then, the accuracy rates obtained as a result of classification
with deep learning classification method CNN and
traditional machine learning classification methods GNB,
RF, NB and SVM scores were compared. When the
accuracy rates are compared, the result of classifying the
Clean + Zemb-DS dataset with CNN is 94.17%. It was
noted that better results were obtained when comparing the
proposed method with the previous studies.
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