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Abstract 
Pre-trained language representation models have proven 
to be efcient in learning a universal language representa-
tion regardless of the natural language processing task to 
be performed. The language representation models such as 
BERT and DistilBERT have achieved amazing results in many 
language understanding tasks. Studies on text classifcation 
problem in the literature are generally carried out for the 
English language. This study aims to classify the news in the 
Turkish language using pre-trained language representation 
models. In this study, we utilize BERT and DistilBERT by 
tuning both models for the text classifcation task to learn 
the categories of Turkish news with diferent tokenization 
methods. We provide a quantitative analysis of the perfor-
mance of BERT and DistilBERT on the Turkish news dataset 
by comparing the models in terms of their representation 
capability in the text classifcation task. The highest per-
formance is obtained with DistilBERT with an accuracy of 
97.4%. 

CCS Concepts: • Computing methodologies → Infor-
mation extraction. 

Keywords: pre-trained language representation models, Turk-
ish news, BERT, distilBERT, classifcation, tune 

1 Introduction 
The number of documents available on the Internet is increas-
ing day by day. Considering the rapid increase in the amount 
of available textual data on the Internet, processing, orga-
nization, and interpretation of available textual data have 
become very important. The organization of news involves 
also the categorization depending on the content, such as 
health, technology, and politics. The fact that the words in 
some categories are very similar to each other makes the 
classifcation task challenging. For example, the economy 
and world categories contain many common words, such as 
the words “economy" and “money". Moreover, the country 
names are also common in both categories. For this reason, 

the categorization of news emerges as a crucial task in espe-
cially newspaper websites to ease the use of the newspaper 
by readers. 

Text classifcation, known as text categorization, is one of 
the well-known problems in Natural Language Processing 
(NLP). The aim of the task is to assign labels to textual units 
such as sentences, paragraphs, or documents. Depending 
on the perspective followed in categorization, text classif-
cation has diferent applications such as sentiment analysis 
[4, 36] (according to the sentimental perspective), spam de-
tection [13, 34] (according to the intent of the email), news 
categorization [6, 29] (based on the content/subject of news). 

Recent studies show that pre-trained language representa-
tion models such as word2vec [20] and GloVe [24] on large 
corpora are benefcial for almost any NLP task including text 
classifcation. Those pre-trained models enable us to avoid 
training a new model from scratch for diferent NLP tasks 
and therefore they provide a universal language represen-
tation model to be used in almost any NLP task. The new 
trend is using pre-trained language models such as BERT [9], 
which give contextual representation of words diferently 
from the word-based embedding models such as word2vec 
[20] and GloVe [24] which produce a single word embedding 
for each word regardless of the context. BERT [9] is based on 
a multi-layer bidirectional Transformer [33] and is trained 
on plain text for masked word prediction and next sentence 
prediction tasks. 
While there are various studies conducted on news cat-

egorization in English, the number of studies in Turkish 
language is very sparse due to the amount of available tex-
tual data in Turkish, which is a low-resource language. In 
this study, we aim to utilize contextual word representation 
models for Turkish news categorization. For this purpose, 
we use pre-trained language representation models BERT 
[9] and DistilBERT [26] with diferent tokenization meth-
ods in order to perform automated news categorization and 
compare both models for the text classifcation task. 
The remainder of this paper is organized as follows: Sec-

tion 2 overviews the related work on text categorization for 
Turkish and text classifcation with pre-trained language rep-
resentation models for other languages; section 3 describes 
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the BERT and DistilBERT models; section 4 presents the ex-
perimental results; and fnally, section 5 concludes the paper 
with potential future goals. 

2 Related Work 
Text categorization has been a long-standing task in the feld. 
Diferent methods have been applied for the task including 
rule-based methods [7, 35], machine learning methods [3, 10, 
12], and recently deep learning methods [8, 19]. 

In this section, we will cover studies conducted on 1) text 
categorization for the Turkish language and 2) text catego-
rization with pre-trained language representation models 
applied to other languages. 

2.1 Turkish Text Classifcation 

Kılınç et al. [15] create a Turkish dataset called TTC-3600, 
which contains Turkish news collected from various news 
websites. The news in the dataset is organized into seven 
categories. The authors perform text classifcation using 
diferent machine-learning algorithms. According to the ex-
perimental results, the highest accuracy is obtained with the 
Random Forest algorithm with an accuracy of 91.03%. 

Aydoğan and Karci [5] create 2 datasets. The frst dataset is 
a large corpus gathered from Turkish articles and the second 
one is a multiclass Turkish dataset created for the purpose 
of text classifcation. The authors use the frst dataset to 
train the word embeddings using word2vec [20], and then 
they propose several text classifcation methods using var-
ious deep learning methods such as Convolutional Neural 
Networks (CNN), Recurrent Neural Networks (RNN), Long 
Short-Term Memory Networks (LSTM), and Gated Recurrent 
Units (GRU).
Özalp et al. [23] perform a preliminary study for auto-

matic fltering of comments for news and articles. The study 
involves two steps: 1. creating rules for word extraction 
where the words that are not fully compatible with spelling 
rules are fltered out, 2. developing a fast and accurate clas-
sifcation algorithm. The authors apply an anomaly-based 
approach, which was not used in the text classifcation task 
before. In the proposed anomaly-based method, fast and high-
performance results are obtained without any requirement 
for large memory and high computational complexity. 

Kılıçaslan et al. [14] explore several machine learning mod-
els (Naive Bayes, Support Vector Machine (SVM), Neural Net-
works, and k-nearest neighbor (kNN) algorithm) for pronoun 
resolution in Turkish. Additionally, they propose a method 
for the evaluation of the classifcation performance of the 
machine learning models. 

On Kaggle [1], a new version of the Turkish news dataset 
is published with the name TTC-4900 [2] and also code for 
text classifcation method with “BERT-base-turkish-128k-
uncased" pretrained model is published. An accuracy of 92.1% 
is obtained from the test set. We use this study as the baseline 

model and compare the language representation models with 
diferent tokenization methods using the same dataset. 

2.2 Language Representation Models for Text 
Classifcation 

Munikar et al. [22] apply BERT [9] for the emotion classi-
fcation task. They tune BERT model and the results show 
that it performs better than other well-known methods such 
as Average word vectors [28], Recursive Neural Tensor Net-
works (RNTN) [28], RNN [27], LSTM [31], BILSTM [31], and 
CNN [16]. 

Li et al. [18] propose an automatic text classifcation method 
based on BERT [9] along with a combination of CNN and 
BILSTM. In the study, the embedding process from text to 
dynamic character level representation is performed by the 
BERT [9] model. They apply CNN to extract the advantages 
of local features and BILSTM to take advantage of memory 
to link the extracted context features to better represent the 
text with BILSTM. It is observed that the accuracy of the tag 
prediction of textual data can be increased efectively with 
sequential and local features. 
Last but not least, Sun et al. [30] conduct various experi-

ments to investigate diferent approaches used to fne-tune 
BERT [9] for the text classifcation task. 

3 Model 
In recent years, contextual word representation models such 
as BERT [9] and DistilBERT [26] are used in almost any NLP 
task including text classifcation. In this study, we utilize 
pre-trained BERT and DistilBERT for automated Turkish 
news categorization and try diferent tokenization methods 
for Turkish. 

3.1 BERT 

Bidirectional Encoder Representations from Transformers 
(BERT) [9] is created by Google AI as a contextualized word 
representation model and has been used as a pre-trained 
word embedding model in diferent NLP tasks [11, 21, 32] 
since then. There are two approaches used for pre-training 
depending on the scale of the model architecture, that is 
“base" and “large". BERT-base model contains an encoder 
with 12 Transformer blocks, 12 self-attention heads, and a 
hidden size of 768. The network takes an input of a sequence 
of no more than 512 tokens and outputs the representation 
of the sequence. The sequence has one or two segments 
where the frst token of the sequence is always [CLS] which 
contains the special classifcation embedding and another 
special token [SEP] is used for separating the segments. 
The BERT Model is pre-trained for 102 languages world-

wide. In this study, we apply “BERT-base-multilingual-uncased”
1 model as a baseline model. In the base model, the tokenizer 
of "BERT-base-multilingual-uncased" model is used. After 

1https://github.com/google-research/BERT/blob/master/multilingual.md 
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Figure 1. The architecture of BERT [9] for news categoriza-
tion 

obtaining results from the base model, the tokenizer of the 
"BERT-base-turkish-128k-uncased" 2 model developed for 
Turkish by BERT [9] is used to improve the base model. 

The overall architecture of the BERT [9] model is given in 
Figure 1. 
For the text classifcation task, we use the fnal hidden 

state ℎ of the frst token [CLS] as the representation of the 
whole sequence. A softmax classifer is added on top of BERT 
to predict the probability of the news category �: 

� (� |ℎ) = �� � ���� (����� ℎ) (1) 

where ����� is the weight matrix and � is a news category 
(i.e. politics, world, economy, culture, health, sports, technol-
ogy). We fne-tune all the parameters in BERT [9] as well 
as ����� jointly by maximizing the log-probability of the 
correct news categories. 
The cross entropy loss used for the classifcation task is 

defned as follows: Õ 
����� (�, �ˆ ) = − �����(�̂� ) (2) 

� 

where �̂ denotes the output of the softmax given in Equation 
1, � denotes the gold news category, and � denotes each 
class (i.e.politics, world, economy, culture, health, sports, and 
technology ) defned for the text classifcation task. 

3.2 DistilBERT 

BERT [9] is a very large and memory-hungry model that 
is slow for both training and testing. For this reason, it is 
not very suitable for development environments. DistilBERT 
[26] is a “distilled” version of BERT, which is smaller and 
faster than BERT, and furthermore it protects the BERT’s 

Figure 2. The architecture of DistilBERT 

accuracy. Therefore, it is possible to state that DistilBERT is 
a smaller transformer model compared to BERT. The model 
involves 6 layers, 768 dimensions, and 12 heads with a total 
of 66 million parameters. 

We conduct experiments with DistilBERT [26] to increase 
the results obtained from “BERT-base-uncased-model". Firstly, 
“DistilBERT-base-uncased-model" is used as a pre-trained 
model. Then we apply “DistilBERT-base-turkish-cased model" 
with Turkish tokenizer. 

The fnal proposed architecture is composed of DistilBERT 
[26] with dropout and linear layers on top of the DistilBERT. 
The overall architecture of the model is given in Figure 2 

A softmax classifer is used on top of the linear layer to 
predict the probability of the news category � as follows: 

� (� |�) = �� � ���� (����) (3) 

where ��� is the weight matrix, � is the output of the 
linear layer, and � is the predicted new category. 

We apply cross entropy loss for the DistilBert Model simi-
lar to the loss function defned for the BERT [9] model given 
in Equation 2. 

3.3 Tokenization 

Tokenization is the process of separating each sequence (i.e. 
sentence) into its elements using an available token list. With 
a selected tokenizer, each sentence is separated into its to-
kens. Then special tokens are added at both ends of the 
sequence to indicate the beginning and end of the sentence. 
Once each sequence is tokenized with a particular tok-

enizer, an input vector is built with the maximum length 
selected. If the sentence is shorter than the given maximum 
length, the spaces are flled to reach the maximum length. If 

base-turkish-128k-uncased the sentence is longer than the specifed maximum length, 
2https://github.com/huggingface/transformers/tree/master/model_cards/dbmdz/BERT-
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Figure 3. Base Model (BERT-multilingual) with standard 
Tokenizer 

Figure 4. Distilbert-base-Turkish-cased model with Turkish 
Tokenizer 

the text is shortened by removing the tokens at the end to 
keep the length same as the specifed maximum length. The 
entire text is returned as a tensor object at the end of the 
tokenization process applied to each sequence in the text. 
Two 

Two tokenization methods used in this study are given 
in Figure 3 and Figure 4. Figure 3 illustrates the standard 
tokenization process and Figure 4 illustrates the Turkish 
tokenization process applied to the same sentence. As seen 
on the fgures, each token is expressed by the ids of the 
tokens. It is clearly seen that the Turkish tokenizer separates 
sentences into their tokens more accurately compared to a 
standard tokenizer used for Turkish. 

4 Experiments & Results 
4.1 Dataset 
In this study, the Turkish News dataset TTC-4900 3 is used 
for the text classifcation task. The dataset involves news 
obtained from the well-known news agencies in Turkey. The 
dataset is well documented and suitable for use in text min-
ing tools. The TTC-4900 dataset contains 7 most common 
categories with 700 samples in each. These categories are 
politics, world, economy, culture, health, sports, and technol-
ogy. 

3https://www.kaggle.com/savasy/ttc4900 

4.2 Evaluation Metrics 
The evaluation criteria for classifcation task are usually gen-
erated from a confusion matrix [25], which contains the 
actual and the predicted items in each class: True positives 
(TP), true negatives (TN), false positives (FP), and false nega-
tives (FN) denote the four diferent prediction outcomes. 
Accuracy (ACC) is the most widely used performance 

evaluation criterion, which is the ratio of the total number 
of items classifed correctly to the total number of items in 
the test set. It is calculated as follows: 

� � + � � 
��� = (4)

� � + � � + �� + � � 

4.3 Hyperparameters 
Table 1 summarizes the hyperparameters used in each model. 
We split the dataset into 80% and 20% portions for train and 
test sets respectively. 

4.4 Results 
Experimental results conducted on TTC4900 [15] are given 
in Table 2. We run theBase Model (BERT-multilingual) ob-
tained from Kaggle [1] as baseline model. Since we study 
news classifcation on Turkish dataset, we apply Turkish 
tokenizer proposed by BERT [9] for the Turkish language. 
Turkish tokenizer for BERT [9] outperforms signifcantly 
for news classifcation with an accuracy improvement by 
2.5% compared to the Base Model (BERT-multilingual). The 
highest accuracy is obtained with DistilBERT-base-Turkish-
cased. It is seen that Turkish tokenizer must be used for the 
Turkish dataset to improve performance. 

The results for each category are given in Table 3. Base 
Model (BERT-multilingual) struggles to classify especially 
politician, world, economy, and health. The reason is possibly 
due to the common words in these categories. However, 
Turkish tokenizer seems to have solved this problem slightly. 
Moreover, it is clearly seen that in each category, DistilBERT-
base-Turkish-cased has the highest accuracy. 

The confusion matrices of the models are given in Figure 5 
for all models. It is seen that the overall results are very close 
to each other. However, Base Model (BERT-multilingual) 
tends to misclassify some categories (i.e. politician, world, 
technology). It is seen that Base Model (BERT-multilingual) 
misclassify politician as world due to the common words in 
these two categories. 
Another confusion occurs between the world category 

and the economy category. It is assumed that this confusion 
is due to similar words like the country names in those two 
categories. The problem mitigates to an extent with the usage 
of a Turkish tokenizer. 

According to the confusion matrix, the news in the sports 
category are generally predicted correctly. The words spe-
cifc to the sports category are determined very well and 
the news in this category are predicted correctly with these 

https://www.kaggle.com/savasy/ttc4900 
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Table 1. Hyperparameters used in both models. 

BERT DistilBERT 
vocab size: 128000 vocab size: 32000 
hidden size: 768 max position embeddings: 512 
num hidden layers: 12 n layers: 6 
num attention heads: 12 n heads: 12 
intermediate size: 3072 dim: 768 
hidden dropout prob: 0.1 hidden dim: 3072 
attention probs: 0.1 dropout: 0.1 
dropout prob: attention dropout: 0.1 
max position embeddings: 512 initializer range: 0.02 
type vocab size: 2 qa dropout: 0.1 
initializer range: 0.02 seq classif dropout: 0.2 
epoch: 32 epoch: 7 
Optimizer: Adam Optimizer [17] Optimizer: Adam Optimizer [17] 

(a) Base Model (BERT-multilingual) (b) BERT-base-Turkish-128k-uncased (c) DistilBERT-base-Turkish-cased 

Figure 5. Confusion Matrices for the models (a) Base Model (BERT-multilingual) (b) BERT-base-Turkish-128k-uncased (c) 
DistilBERT-base-Turkish-cased 

Table 2. Experimental results of the models 

Model Accuracy 

Base Model (BERT-multilingual) [1] 
BERT-base-Turkish-128k-uncased 
DistilBERT-base-Turkish-cased 

89.8 
92.3 
97.4 

words. The probability of confusion is low for other cate-
gories as well. 

5 Conclusion 
In this study, we try to tune pre-trained language representa-
tion models (BERT and DistilBERT) with Turkish tokenizer 
for automated news classifcation in Turkish. Results show 
that using Turkish tokenizer improves the results signif-
cantly. All results are compared and it is seen that the best 

results are obtained with the DistilBERT model, with an 
accuracy of 97.4%. 
In the future, we will investigate tokenization methods 

further and propose a morpheme-based tokenization method 
for Turkish, which we believe that it will improve the NLP 
tasks using BERT. 
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