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Abstract

Nowadays, sentiment analysis (SA) also known as opinion mining (OM) is widely used and has an impressive effect in many fields,
such as marketing, politics, and even, company’s products are now adjusted based on users’ opinions. In this paper, a new efficient
sentiment analysis system that supports the Turkish language has been introduced. In addition, as Turkish is an agglutinative language,
which requires special processing, an efficient preprocessing model was also implemented as a part of the developed system.

Several experiments using the challenging and benchmark “The Turkish movie reviews” dataset have been conducted, and it is obvious
that the constructed approach can efficiently support the Turkish language and can achieve a quite good performance.

Keywords: Sentiment Analysis; Text Classification; Opinion Mining; Turkish Language; Ensemble learning; Natural Language
Processing.

1. Introduction

Due to the rapid growth of the Internet, it is very common to share our opinions about government policy, people, products, movies,
hotels, research, etc. Transferring the opinions into useful information (knowledge) is known as sentiment analysis (SA). In other words,
sentiment analysis is the process of discovering the feelings, opinions, and subjectivity behind the text.

In general, SA is a set of techniques that process the opinions (usually text) to find out whether it illustrates a positive or negative
sentiment [2]. The main approaches used in SA tasks are machine learning and Lexicon-based [3, 4], related to the first type, if labeled
dataset(s) are used for training the classifiers it is referred to as supervised machine learning approaches. On the other hand, unsupervised
machine learning methods work on unlabeled datasets. Related to the lexicon-based approach, it uses seed words, which is a set of
predefined words or phrases where each one has a membership score for each of the three related classes(categorize), i.e., positive,
negative and neutral[5].

1.1 SA Challenging Problems

One of the main well-known SA problems is that most of the current SA techniques and studies have been done on a limited number
of languages such as English and chines. These studies have shown that the techniques used for SA changed from a language to others.
For instance, the sentence-based SA systems are more efficient and fast for English, however, the character-based SA systems are more
suitable and efficient for chains. In addition, most sentiment analysis resources (e.g., polarity lexicons, parsers) are well established for
English while, due to lack of resources and complexity, very few researches have been done for other languages especially the
agglutinative morphology languages such as Turkish, French, and Korean. As a result, most of the researches for such Languages are
not mature yet, and even some have been done using the English sentiment analysis resources. For instance, in [6], French movie reviews
have been classified by using linguistic features and supervised learning through translating the reviews French words to English to
obtain its semantic orientation using the SentiWordNet [7].

Related to the Turkish language, sentiment analysis attracts researchers interest in the last decade, however, most of the existing
studies are preliminary, and there is still a lot to do in the field. In the following, some details about challenging problems related to SA
for supporting the Turkish language are summarized:

1) Turkish is one of the agglutinative languages: Some new words can be generated by adding suffixes to the root word, and these
suffixes may change the semantic orientation of the word. Overall, building a lexicon of all variants of the Turkish words is practically
limited and a hard task.
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2) Negations: Multiple ways can negate the Turkish words. For instance, using words such as “degil" or “yok", or with the affixes
siz/s1z or me/ma, where the sentiment polarity might be changed from a way to others.

IR TS LI I TSIE AT on 1

3) Turkish Alphabet: The Turkish language has some characters that English does not have, i.e., “g”, “¢”, “1", “6”, “s”, and “U”.
However, people are used to substituting these characters by the closest ASCII ones, where “s” is used instead of “s “and “o" instead of
“6”, etc. Overall, the semantic analysis of Turkish is more risky to suffer from erroneous writings.

2. Related Work

In this section, the recent researches, developments, and solutions related to the proposed system have been summarized. As
mentioned before Turkish language sentiment analysis has attracted research interest in recent years.

In [8], which is considered as one of the first studies in Turkish sentiment analysis. The Turkish reviews have been classified using
an SVM classifier and n-grams. In addition, they have studied the effect of part-of-speech tagging, spell-checking, and stemming.
Overall, around 85% accuracy was obtained on the binary sentiment classification by the approach of [8].

In [9], a Turkish lexicon-based SA system has been proposed. This system uses the SentiStrength which is a lexicon-based library
that calculates a sentiment score for each word in a given text [10]. The approach of [9] was tested using the same dataset of [8], and
achieved an accuracy of 76%.

Another lexicon-based framework that can handle the simple negation and multi-word expressions also introduced in [11]. This
system has achieved 79.0% and 75.2% accuracy on a movie and Twitter datasets, respectively.

In [12], a Turkish sentiment analysis system using three different levels (aspect, sentence, and document) was introduced. In
addition, some linguistic issues such as intensification and conjunction were investigated. Overall, accuracies range from 60% to 79%
for both ternary and binary classification tasks were reported in [12].

In [13], a comparison of Lexicon based and Machine Learning-based sentiment analysis methods on Turkish social media was
performed. In addition, their lexicon was formed with 1) an English opinion lexicon (translated to Turkish), and 2) multi-words
expressions. They applied both approaches for binary (positive/negative) classification, and then, these two approaches were evaluated.
The results showed that Machine Learning based sentiment analysis gives a good performance, however, lexicon-based sentiment
analysis is still preferable in some cases.

In addition, in [14] and [15], the performances of maximum entropy, Naive Bayes, SVM, and the character n-gram were investigated
using a Turkish political news dataset. Results of [14] showed that maximum entropy and the n-gram achieved 76-77% as accuracy and
outperformed other techniques. In [15], the work of [14] was further improved by implementing transfer learning into the existing
framework.

3. The proposed System

In the following the mechanism and components of the developed SA system that fully supports the Turkish language are explained
in details:

3.1 Preprocessing

Preprocessing is critical in terms of classifier performance and it works on improving the quality of the used data and eliminating
useless information through some steps such as:

1) Tokenization: also known as text segmentation or lexical analysis, it works on splitting longer text strings into smaller pieces
such as sentences, words, or characters. In this work, tokenization is used to split the text data into words.

2) Cleaning, i.e., removing stop words, special characters, URLs, and irrelevant text. In addition, we have tested the effect of a
series of other related tasks such as converting numbers to word equivalents, case folding, removing punctuation, etc.

3) Detecting and correcting the misspelled words: misspelled word can ruin the understandability of the whole sentence. This
indicates the importance of this step. Mainly this step can be done through a) Correcting each word individually: de-ASCllIfication,
which converts the ASCII of the English characters to the equivalents Turkish one, to find the possible candidate words has been
investigated in this study. b) Correcting the word based on the whole sentence: In general, correcting a single misspelled word can
produce several possible words, however, only one of these candidates is correct regarding the context in the sentence. Hence, the
correct word can be found using the relations with other words in the sentence. However, the implementation of the second type is kept
as future work.

4) Stemming: In general, the morphological structure of the Turkish language is very rich, and there are over fifty suffixes that can
be affixed to verbs [17], and multiple suffixes can be used at once. Hence, we can have different words from a single stem when
appending a sequence of suffixes. For instance, the word "Geliyormussunuz" means "You had been coming". The stem of the word is
"gel-" and it takes three different suffixes -(i)yor, -mus, and -sunuz. In [17], an efficient stemming algorithm for the Turkish was
developed, which has been integrated into our developed approach.

5) Detection of negation: as stated in [8] and [18], related to the Turkish language, this step needs extra treatment as the negation
may be realized within the word with affixation rather than a separate individual word.

e-ISSN: 2148-2683 123



Avrupa Bilim ve Teknoloji Dergisi

3.2 Feature Extraction

In general, text represents categorical and discrete features. Hence, we need to map the textual data into real-valued vectors. This
process can be done by representing the textual information using the Vector Space Model (VSM). VSM is a model that converts the
text into a vector of words and then transforms the words vector into a numerical format. This process consisted of the following steps:

First: create a dictionary of terms presented in the text collection (in our case it is the dataset of movie review). Briefly, all terms
from the collection are alphabetically sorted in the vector space, where each word has a unique id. It worth mentioning that this process
is done after preprocessing all the movie reviews. Hence, all irrelevant and stop words have been deleted previously.

Second, obtaining the representation of each term, which will be added to the vector space. The following are some of the methods
that can be used to represent text terms in the vector space:

1) Term Frequency (TF): It refers to the frequency of the document’s terms (in our case it represents the frequency of each term
in the vocabularies of the created vector of words). Term frequency can be calculated using Equation 1.

TF (W) U] Equation (1)

N
Where 0(W;) is the number of occurrence of the it" word in the previously created VSM, and N is the total number of words

existed in the VSM.

2) Term Frequency-Inverse document frequency (TF-IDF): Generally, the TF method assigns the highest score to the most
frequent words. In other words, the highest score is assigned to the word that occurs frequently in the VSM. On the other hand,
the IDF measures how important a term is. Hence, the frequent words are not always the important ones, for instance, certain
terms, such as "Yapacak", "Ederim", "Hatta", “olduklarin1”, etc., appear a lot of times in most texts, but they have little
importance. Hence, in the case of IDF, the highest score is assigned to rare words, and a low score is assigned to the frequent
words. Inverse document frequency can be calculated using Equation 2.

IDF (W,) =log g Equation (2)

Where T refers to the number of movie reviews that contain the i word. Finally, the TF-IDF can be obtained by multiplication
of TF and IDF values:
TF-IDF (W;) = TF (W,)* IDF (W;) Equation (3)

3) Word Embedding: It is very popular as it can efficiently preserve the contextual similarity while representing the words in low
dimensional vector space [4], [7]. In addition, word embedding produces a similar representation for words that have a similar
meaning. However, to achieve such advantages a very large dataset(s) must be used in the training process. Word2Vec [19 and
20], GloVe [21], and FastText [22] are examples of the popular embedding approaches. In this paper, we have used the
Word2Vec that was trained on one million Turkish common crawls and Wikipedia documents. In this study, the input of
Word2Vec is the movie reviews and a feature vector for each word in the collection is produced as its output (shown in Equation
(4)).

Word2vec (W;) = [F1, F2, Fs, .......... Frm Equation (4)
Where, m is set to 300, and F is a float number. Hence, a vector of 300 float numbers is produced to represent each word. For
more details about Word2Vec, the reader is referred to [19] and [20].

3.3 Classification

In this work, we have investigated the performance of AdaBoost, Random Forest, and GradientBoosting, which are well-known
ensemble learning approaches and can be used as the system classifier, i.e., classifying the movie reviews into positive or negative
sentiments classes. The details about these approaches are summarized below.

I. AdaBoost Classifier (AdaBoost)

AdaBoost or Adaptive Boost is an ensemble classifier. It is an iterative ensemble method that uses the weak classifiers within the
ensemble structure in order to boost its performance. In this case, the ensemble’s classifiers are added one at a time, where each
subsequent classifier is trained using the data that previous ensemble members have failed to classify it correctly. In other words,
AdaBoost selects the training set for trains the current learning model based on the estimation of the last training [23-25].

Il. Random Forest (RF)

Similar to the AdaBoost, RF is another ensemble classifier that is based on combining multiple decision tree models [23-25]. In
other words, RF is an ensemble that contains some relatively uncorrelated individual decision trees working together, where each data
sample is passed to all the trees to predicts its class, and the class with the most votes is selected as the prediction of the RF model.

I1l. GradientBoosting Classifier (GBC)
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In general, the prediction model of the GBC classifier is produced by sequentially fitting the base learner to current “pseudo’-
residuals, which is the gradient of the loss functional being minimized in respect to the model values for each training sample evaluated
at the current step [23-25].

3.4 Structure of the Developed System

In general, the developed approach consists of the developed pre-processing model followed by the word2vec embedding system,
then the random forest ensemble approach is used as a classifier. More details about the developed system are shown in Figures 1 and
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3. Experimental Work

begendim

In this section, multiple experiments to evaluate the main components of the developed system were performed. In addition, as
shown in the following sub-section, multiple databases that we used to ensure the robustness of the obtained results, have been
constructed and used in this study. It is important to note the best value of the “number of estimators” for the RF classifier has been set
using the Grid Search, and the tested values were {50, 100, 150, and 200}.
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A. Datasets and Evaluation

In this work, the last version of the Turkish movie reviews dataset introduced in [16], which is publicly available and composed of
34990 positive and negative movie reviews in Turkish is used. In more detail, the movie reviews were collected from “Beyazperde”,
which is a movie site that allow users to write reviews about movies and give ratings of 0 to 5. In this dataset, the ground-truth (labels
for evaluation) is represented by the ratings of the reviews. It is worth mentioning that in our work, reviews of ratings >3 are taken as
positive reviews; reviews of rating <3 are considered negative, and reviews with ratings equal to 3 are considered as neutral/objective.
In addition, we have reconstructed four datasets from this dataset, the first dataset contains 3000 positive and 3000 negative movie
reviews, the second dataset contains 5000 positive and 5000 negative movie reviews, the third dataset contains 10000 positive and
10000 negative movie reviews and the fourth dataset contains all the reviews, i.e., 34990.

Related to the evaluation, we have used the following main standard metrics that are well known used for evaluating classification
systems:

1) Accuracy, which represents the ratio of correctly classified movie reviews and can be obtained using Equation (5).
2) Precision, can be calculated using Equation (6), and it is the ratio between the correct predictions and the total predictions.
3) Recall obtains the ratio of the correct database samples that were identified correctly and can be obtained using Equation (7).

4) F1 score, which is a weighted average of Recall and Precision can be observed using Equation (8).

TP+TN . .. TP .
Accuracy = p—— Equation (5), Precision = P Equation (6)
Recall = —+ Equation (7), F1 Score = 2hecall - Precision Equation (8)
TP+FN Recall + Precision

B. Experiments and Results Analysis
Experiment 1: Performance of the RF, AdaBoost, and GBC

In this experiment, we have investigated the performance of each of the studied techniques, i.e., the RF, AdaBoost, and GBC. The
results of this experiment can be seen in Figure 3. Overall, the performance of all studied techniques for processing the Turkish language
was not good enough (at most 70% as accuracy). On the other hand, the results using all the datasets indicated that the Random Forest
outperformed the others.
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2ND 55,84
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Figure 3. Performance of the Random Forest (RF), AdaBoost Classifier (AdaBoost), GradientBoosting Classifier (GBC).

Experiment #2: The Effect of Pre-Processing the Turkish Movie Reviews

In this experiment, we have investigated the effect of pre-processing the Turkish movie reviews. In general, it is expected that pre-
processing will always improve the performance of any system, however, this process requires extra time. Hence, the decision of whether
to use or not using the pre-processing model can be taken based on the percentage of performance improvement. The accuracy after
integrating the developed preprocessing model with the studied classifiers is shown in Figure 4, and Figure 5 shows the improvement
percentage for the studied algorithms using the developed pre-processing model. As shown in Figures 4 and 5, it is clear that the
developed pre-processing model has significantly improved the performance of all the techniques, and on average the improvement
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percentage was around 30%. As a result, by introducing this model we are able to process and build an efficient approach for the Turkish
language.
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Figure 4. The Accuracy of the Studied Classifiers when the Developed Pre-processing Model is Used.
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Figure 5. Percentage of Performance Improvement for the Studied Classifiers when Using the Developed Pre-Processing Model.

Experiment 3: Finding the Suitable Feature Extraction Method for the Turkish Language

In this experiment, the performance of the Term Frequency (TF), Term Frequency-Inverse document frequency (TF-IDF) and
Word2Vec methods that can be used to represent the text in the vector space was studied. In more detail, each of these methods was
integrated into the developed system and its performance was investigated to find out which one is more suitable for the Turkish
language. As shown in Table 1, as expected with the improvement that was introduced by word embedding approaches, we have proven
that Word2 Vec is the most appropriate approach compared to the other two for building an effacing system for processing the Turkish
language.
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Table 1. Accuracy of TF, TF-IDF, and Word2Vec approaches when processing the Turkish language.

Dataset Accuracy
TF TF-IDF Word2Vec

Ist

. 69.91 66.75 87.50
Dataset

2nd 66.72 65.64 86.8
Dataset

3rd 69.8 69.86 85.86
Dataset

4th 65.4 65.25 83.93
Dataset

Experiment 4: The Overall Performance, Robustness and Scalability of the Developed Approach

In this experiment, both robustness and scalability of the developed system were investigated using all the constructed datasets by
obtaining the Accuracy, Precision, Recall, and F1 score.

As depicted in Figure 6, the main results of this experiment are:

1. Using all the datasets, the developed system achieved very good results, i.e., on average the accuracy, precision, recall,
and F1 were above 86, 87, 85, and 86 respectively.

2. The system showed that it has a stable performance while processing all the datasets, even when the number of processed
samples is increased.
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Figure 6. The accuracy, Precision, Recall and F1 score of the Developed Approach using All the Datasets.

4. Conclusions and Future Works

Nowadays, social media analytics is an important research field and has led to improve internet-based systems. In this work, an
efficient sentiment analysis system for the Turkish language was developed. The system was built after investigating the performance
of some well-known ensemble systems, i.e., Random Forest (RF), AdaBoost Classifier (AdaBoost), GradientBoosting Classifier (GBC).
Results show that preprocessing the text is a must step. In addition, the developed pre-processing model was able to significantly
improve the performance of all the studied classifiers. Furthermore, it has been shown that the proposed system has a stable performance
while processing all the datasets.

As future work, this study can be expanded in many directions starting by taking advantage of existing CNN models which can be
integrated and considered as very good choices for improving sentiment analysis systems. A second direction is to investigate the
performance of the state-of-the-art word embedding approaches such as BERT, EIMo, and XLNet when used for the Turkish language.
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