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Abstract

The widespread use of the internet today, along with the rapidly
increasing information, has brought along great information pollution.
it has become a big problem for internet users to obtain meaningful
data from this large and noisy data. Text summarization, which is
generally used on texts obtained from digital media, has also been used
for summarizing scientific articles in different fields. in this study, a
scientific text summary study was carried out to be used on Turkish
articles written in the field of informatics. A large Turkish Informatics
Literature dataset was created with the articles collected from
Dergipark. in addition to the text pre-processing studies available in the
literature on this dataset, a new original pre-processing function has
been developed by the scientific article format. While summarizing,
Deep Belief Networks (DBN), which has an increasing use in the field of
natural language processing in the literature, has been used. To
measure the performance of the developed system, reference summaries
were created with the BERT algorithm, which is a pre-trained natural
language processing model. After the scientific articles were
summarized with BERT and Deep Belief Networks, the abstracts were
compared with BERT Score and BART Score, a specialized comparison
metric of the BERT Model. The results showed that the developed
Turkish informatics Literature Summarization Method constitutes a
summary of a scientific article with 0.78 F-Score and 0.68 BART Score
in the BERT Score metric.

Keywords: Turkish natural language processing, Automatic text
summarization, Deep belief networks, BERT score, BART score.
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Gliniimiizde internet kullaniminin yayginlasmasi, hizla artan bilgi ile
birlikte biiytik bir bilgi kirliligini de beraberinde getirmistir. bu biiyiik
ve gtirtiltiilti verilerden anlamli veriler elde etmek internet kullanicilar
icin biiytik bir sorun haline gelmistir. Genellikle dijital ortamlardan elde
edilen metinler lizerinde kullanilan metin ézetleme, farkli alanlardaki
bilimsel makalelerin ézetlenmesinde de kullanilmaktadir. Bu calismada
bilisim alaninda yazilmis Tiirkce makaleler tizerinde kullanilmak iizere
bilimsel metin oOzet c¢alismast yapilmistir. Dergipark'tan toplanan
makalelerle genis bir Tiirk Bilisim Literatiirii veri seti olusturulmustur.
Bu veri seti lizerinde literatiirde mevcut olan metin 6n isleme
calismalarina ek olarak bilimsel makale formati ile yeni 6zgtin bir 6n
isleme fonksiyonu gelistirilmistir. Ozetleme yapilirken literatiirde dogal
dil isleme alaninda kullanimi giderek artan Deep Belief Networks (DBN)
kullanmimigstir. Gelistirilen sistemin performansini élcmek icin énceden
egitilmis bir dogal dil isleme modeli olan BERT algoritmasi ile referans
ozetleri olusturulmustur. Bilimsel makaleler BERT ve Deep Belief
Networks ile ozetlendikten sonra, oOzetler BERT Puani ve BERT
Modeli'nin ozel bir karsilastirma metrigi olan BART Puani ile
karsilastirildi. Elde edilen sonuglar, gelistirilen Ttirk Bilisim Literatiir
Ozetleme Yéntemi'nin BERT Puani metriginde 0.78 F-Puan ve 0.68
BART Puant ile bilimsel bir makalenin 6ézetini olusturdugunu
gostermistir.

Anahtar kelimeler: Tiirkce dogal dil isleme, Otomatik metin
6zetleme, Derin inanc aglari, BERT skor, BART skor.

1 Introduction

The advancement of today's technologies and the widespread
use of the internet have brought with it a large data pile. The
importance of obtaining a meaningful output from this data
stack is increasing. Being able to obtain the most important
parts of the data stack, the main information that the data wants
to tell, in short, the most summary information that can
represent the data will both increase the understandability of
that data and save a great deal of time. The abstract is the text
extracted from one or more documents and containing the
basic information in its source [1]. AutoText Summarization, on
the other hand, is to obtain a summary containing the basic
information of the text as an output from a text given as input
to the computer [2]. In automatic text summarization, the
summary extracted from a single document is considered as a
single document; The summary obtained from more than one
document is called a multi-document summary [2],[1]. In multi-
document summarization, many documents can be processed,
and summaries can be obtained from documents in different
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formats [3]. According to the type of abstract obtained in text
summarization, there are two abstracts, extractive and
interpretive. In inferential summarization, a summary is
created by selecting the sentences that will best represent the
document from among the documents. In inferential
summarization, the structure of the sentences is not distorted,
the places of the words are not changed. In this summary,
sentence selection is made by weighting sentences with
statistical methods, intuitive inferences, or hybrid systems
where these two are used together [4]. In the summary based
on interpretation, the sentences on the document are
interpreted and reconstructed. For summary based on
comments; A rich source of vocabulary and grammar is
required [5].

The document to be summarized in automatic text
summarization; it can be texts created by a certain editor, such
as an article, news, scientific article, or texts that reflect the
views and thoughts of users collected from various social media
platforms. Most of the scientific information is found in
scientific articles, and with the expansion of research areas, it
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can be quite difficult for academics to find articles that fit their
interests. Even query-based searches for some domains return
many related articles that exceed human processing
capabilities. An automatic summary of these articles will help
reduce the time required to review them fully and to get the gist
of the information they contain [6].

When the literature is examined, it is seen that the Natural
Language Processing studies on Turkish concentrate on news
texts. Studies on scientific publication remained in keyword
extraction studies. When scientific article summary studies are
examined, it is seen that these studies are mainly conducted in
English. When examining the literature, it is seen that the
studies for Automatic Text Summation in Turkish Natural
Language Processing are done on certain texts and the lack of a
comprehensive dataset for Turkish text summarization. The
contributions of this study to the literature are listed below[1].

. Turkish Scientific Article Dataset was created by us,

. For a scientific article, a specialized pre-processing function
has been created in the Turkish language,

e A summary system based on sentence selection with 6
features of a scientific article was developed using Deep
Belief Networks,

. For the test of the developed system, the BERT Score metric
was used instead of the classical ROUGE metrics and the
performance of the created system was demonstrated.

2 Related works

The first study in the field of automatic text summarization was
made by H. P. Lunn in 1958 [7]. In this study, the frequency of
using words in sentences was used to summarize, and it was
suggested that the words with the highest frequency of use
were included in the sentences where the most important
information about that text was given. In this approach, it was
stated that a reader focused on some basic words related to the
text, and sentences containing these words were chosen as the
main reason.

The first known study for Turkish in the field of summarization
belongs to Altan [8]. In this study, 50 documents were used. In
developing a system for summarizing, Altan used statistical
methods in this system. Documents with these methods;
Paragraphs, sentences, words were separated, and summary
data were created based on predetermined weight values. In
this developed system, options for selecting documents for the
user, determining the summary length, and deciding whether
to add the summary to the database are also presented.

Guran applied the non-negative matrix decomposition
technique on 100 Turkish news datasets. In the study, Guran
proposed a new preprocessing step that improves
performance. At this stage, the sequential words in the text
were determined by using the "Turkish Wikipedia" link
structure, and the positive effects of this determination on the
method were shown [2].

Working in the field of biostatistics, Yolcular aimed that health
care personnel access the information they need by using the
abstracts of the articles in the Pubmed literature database. For
this purpose, a web interface has been developed by using an
inferential summarization method, by selecting medical terms
and sentences containing statistical data [9].

Kim and colleagues have prepared a computer science paper
dataset from ArXiv. The paragraphs of the entire text in the
article to be summarized were examined. Using the Jaccard
analogy, they chose the most informative sentence as the

summary of each paragraph. A specialized Auto-encoder RNN
system was used for sentence selection [10].

In 2017, Collins et al. performed summarization into a dataset
of 10,000 computer science articles. After creating the dataset,
they scored each sentence with the traditional sentence
weighting method and made an inference-based summary [11].

Wang et al. worked on an interpretative summarization
technique with a deep learning approach. Texts written in
Chinese are summarized in the system using Reinforcement.
While the studied dataset consisted of short texts, it was argued
that the developed model could produce summaries with
information, consistency, and diversity [12].

Nikolov et al. compared interpretative summarization based on
an artificlal neural network model with inferential
summarization on scientific publications. Although the
developed system is quite successful in producing summary
titles, it has been seen that it needs improvement in
summarizing. In addition, they were emphasized that the
abstract sentences extracted were of semantically high quality
[13].

Nallapati et al. studied multi-document summarization. A new
dataset was created in the study, in which the interpretive
summarization system was used. Auto-encoder (AE) artificial
neural network algorithm, which is a deep learning method,
was used on the dataset. AE is a neural network trained to copy
the input it receives to its output. It is seen in the literature that
the proposed model improves performance [14].

Sirohi et al. for summarizing abstract text in 2021; They
examined various machine learning methods such as Fuzzy
Method, Support Vector Machines, Bayesian Summarization. In
addition, they developed an Encoder-Decoder-based LSTM
architecture for summarization as a new solution. In the study,
the encoder-decoder LSTM architecture is used as an attention
mechanism. The principle on which the study is based on the
priority use of words that have a high relationship with that
word in summarizing a word. For example, for the word
Hamburger; words like spicy, delicious; it is more important
than words like this and that should be given priority. In the
research, the attention mechanism was used to solve this
process [15].

Lloret, et al. performed a summary study of biomedical
publications. The scientific publications used were summarized
with both interpretive and inferential summarization methods
and the results were compared. The abstracts were evaluated
qualitatively and quantitatively by experts. The results show
that both summarization methods can extract important
information from the scientific article. In addition, it was stated
by experts that interpretive summary is more meaningful and
understandable [16].

3 Material and method

In this research, a summary study was carried out with Deep
Belief Networks, which is a deep learning method, over
scientific articles written in the field of informatics. For this
purpose, to create a new dataset, 8 journals with Emerging
Sources Citation index (ESCI), Science Citation index Expanded
(SCI-EXPANDED), and TR index were determined and articles
in the field of informatics were collected from these journals.
This dataset was summarized with the DiA model developed for
the thesis and reference summaries obtained from the BERT
inferential summary were used to evaluate the system
performance.
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3.1 Dataset

The dataset used for the analysis was composed of articles
prepared in the field of informatics obtained from various
journals published in Turkey. For this purpose, it was paid
attention that the articles to be selected were published in
journals with Emerging Sources Citation Index (ESCI), Science
Citation index Expanded (SCI-EXPANDED), and TR index. Eight
journals with Emerging Sources Citation Index (ESCI), Science
Citation Index Expanded (SCI-EXPANDED), and TR index
published in Turkish were determined in this way and these
journals were filtered according to the informatics articles
published on Dergipark. Here, to determine a common year
limit, all journals have been scanned since 2017, based on the
year of the oldest informatics article available on Dergipark. As
a result, a total of 485 articles published in the field of
informatics were obtained. Table 1 shows the distribution of
the total dataset according to the journals. The dataset created
for this study has been published on GitHub and it is available

at https://github.com/nazankemaloglu/AutomaticTextSummarization.

Table 1. Informatics articles dataset.

Journal TA LAP SAP
Journal of Gazi University Faculty of 77 26 8
Engineering and Architecture
Journal of Polytechnic 33 20 5
Journal of Information Technologies 141 25 6
Pamukkale University Journal of 41 22 5
Engineering Sciences
Journal of Suleyman Demirel University 23 15 4
Institute of Science and Technology
European Journal of Science and 79 24 4
Technology
Dokuz Eylul University Faculty of 41 19 5
Engineering Journal of Science and
Engineering
Firat University Journal of Engineering 50 16 5
Sciences

According to Table 1; TA is Total Article Number, LAP is Longest
Article Pages Number and SAP is Shortest Article Pages
Number.

3.2 Deep belief network

The Restricted Boltzmann Machine (RBM) is a highly successful
unsupervised learning in the field of feature extraction from
unlabeled data. Thus, an output of the hidden layer in one RBM
can be used as the input of the visible layer of another RBM. This
process can be considered as more feature extraction than
features extracted from the available data. Hinton introduced
the Deep Belief Network (DBN) based on RBM in 2006
[17],[18]. Deep Belief Networks is a semi-supervised learning
model formed by the combination of more than one RBM model
[19]. The simple architecture of the Deep Belief Network is
given in Figure 1.

Figure 1. Networks of deep beliefs.

As given in Figure 1, DBN training steps are as follows:
1. RBM1 is trained to reconfigure the input,

2. The hidden layer of RBM1 is considered the visible
layer of RBM2,

With the output of RBM1, RBM2 is trained,

4. This process is repeated until every layer in the
network is trained.

3.3 BERT (Bidirectional Encoder Representations from
Transformers)

BERT: Bidirectional Encoder Representations from
Transformers is a pre-trained language detection model
developed by the Google Artificial Intelligence division [20;24].
BERT model that produces solutions to Natural Language
Processing problems; it has been used by Google so that the
search engine can provide healthier results and a high rate of
success has been achieved [20]. it is actively used in the current
Google search engine system to find the most relevant results
between the searched phrase and the results obtained

In the BERT model, it is understood that the word "stand" is
related to the physical context of a job, and more useful results
are produced [21]. The input representation of the BERT model
is given in Figure 2.

As given in Figure 2 separate markers were added to the
beginning and end of each sentence. These are (CLS) which
represents the beginning of the sentence and (SEP) which
represents the end. This placement is achieved by BERT token
generation. Segment placement in the model is used to
distinguish the input sentences, while position placement
shows the position of the markers in the sequence [22].

In addition to the fact that BERT has models specialized in more
than one language since it is open-source, developers can train
their language models with different language modules.

To evaluate the performance of the summary method
developed for the study, the articles were trained for the BERT
Extractive Summarizer (BERT) method and summaries were
obtained [23]. These summaries were used in the performance
comparison of the developed summarization model.

3.4 BERT score

BERT is an open-source, pre-trained natural language
processing model developed by Google researchers [21]. BEST
SCORE establishes a contextual relationship between two
sentences based on cosine similarity [24]. The working
principle of the BERT Score is given in Figure 3.

As given in Figure 3, BERT Score uses inter-word contextual
insertions between a reference sentence x and a candidate
sentence x. While calculating here, optionally inverse
document frequency (iDF) scores are calculated using
predominantly cosine similarity. Here, the BERT algorithm is
used for the separation of the main sentence into words
[25],[24].

The cosine similarity between the two sentences is calculated
according to Equation 1.

Il 1111

(1)

Similarity =
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Figure 3. BERT score

When calculating the BERT Score value; For recall, each word
in each reference sentence x is matched with each word in the
candidate sentence x". In addition, for the precision value, each
word in each candidate sentence X" is matched with each word
in the reference sentence x [24].

From this point of view, BERT Score values for reference
sentence x and a candidate sentence x" are based on Precision
(Recall, R) given in Equation 2, Precision (P) given in Equation
3, and precision given in Equation 4, and it is determined by the
calculated F (F1 Score) values [24].

1
Rpgrr = mz maxx;%; , (% € ®)

(2)
Xi€EX
1 Ta
Pggrr = il Z maxx; ¥ ,(x; € x) (3)
J’ij)?
Pgprr - Rpprr
Fgprr = 2 5——F—F7—— ()

PBERT + RBERT

3.5 BART score

BART is an autoencoder for training sequence-to-seq models.
BART uses a standard transformers-based neural machine
translation architecture. A standard seq2seq architecture is
used with a bidirectional encoder and left-to-right decoder
[26].

example chart.

BART Score is a metric based on the probability that a text is
produced from or derived from a given text. BART Score metric
is calculated according to Equation 5.

m
BART Score = Z we log log p (V¢y<e ,x,0)

t=1

(%)

In the above equation, x represents the target text and y
represents the reference text, while w is calculated with the
Inverse Document Frequency (IDF) [27].

BART Score is developed in Python language and published on
GitHub with open-source code. In our study, the BART Score
metric was calculated using the code available on GitHub
between the BERT Inferential Summarizer and the summary
obtained with the DBN.

The developed system consists of 3 parts. The summary scheme
of the developed system is given in Figure 4. In the first stage,
the pdf files of the articles are read, and these files are
converted into text files by going through the pre-processing
stages summarized in Figure 5. In the second stage, the abstract
texts were obtained by extracting the attributes from these text
files. In the last part, the dataset is summarized with the BERT
Inferential Summarization method, which is frequently used in
the literature, and the obtained summaries are compared with
BERT Score metrics to measure the performance of the
developed system.
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Figure 4. Developed system diagram.

Figure 5. Pre-processes applied to the text.

4 Results

One of the most important steps for natural language
processing is preprocessing the text to make it suitable for
analysis. The sections of the article examined in this study
(Abstract, Bibliography, Material Method, etc.) were examined
in the pre-processes according to whether they were effective
in the abstract or not. As a result of this review, first, the articles
were divided into sections. The main parts that will not be
included in the summary have been determined and removed
from these sections. Extracted sections; The bibliography
consists of English Abstract, Abstract, Author, and information
about the journal. A different pre-processing was applied in the
remaining text sections. These transactions are deleting the
explanations of tables, pictures and equations is the removal of
sentences that are considered as references in the text and
taken from different articles. The pre-treatments performed
are summarized in Figure 5.

For the operations given in Figure 5 on the articles to be
processed, a pre-processing function that can be used on the
article was written by using RegEx, NLTK, and LangDetect
libraries. This function performs an article-specific
preprocessing, considering the specialized text structure of the
articles.

Before proceeding to the summary of the pre-processed
articles, it is necessary to extract the attributes from the text
first. DBN can learn from unlabeled data. In addition to these
attributes, sentences with more importance in a scientific
article were determined and used as attributes. At this stage,
feature extraction with sentence weighting methods was used
based on Giiran's study in 2013. These attributes:

4.1 Sentence length

Based on the data that long sentences contain more information
than short sentences, sentences are assigned a score according
to the number of words.

4.2 Inclusion of keywords in sentence

The sentences of scientific articles containing keywords are
assigned a score equal to the number of keywords they contain.
This feature has been added by us based on the Turkish and
English keywords found in a scientific article.

4.3 Passing status of numeric data

It is known that the sentences containing numerical data in
scientific articles have high importance in the article. For this
reason, sentences containing numeric characters are assigned
a score equal to the numeric character they contain.

4.4 Similarity to title

A score is assigned to the sentence according to the similarity
between the article title and the article sentences. This
similarity is calculated according to Equation 6 with Cosine
Similarity.

multiply (C;, Cyirre)
I N Ceiere 1D

Here, C; represents the i. sentence in the article; Cy;;. denotes
the title sentence [2].

Cosine(C;, Cyipie) =

(6)

4.5 Scoring by word frequencies

After the frequency of each word in the article was calculated
according to Equations 7, 8, and 9, a ranking was made from
high to low. Considering 10% of this list, sentences are assigned
a score equal to the sum of the frequency values of these words,
depending on whether they contain these words.

X
Term Frequency (TF) = ; (7
T
Reverse Document Frequency(IDF) = log( f) 8
TF — IDF = TF % IDF 9)

Here; x is number of sentences in which the word occurs in the
article, y is total number of sentences in the article, T is Total
number of sentences.

4.6 Inclusion of summarizing words

In summary, in conclusion, however, besides, in conclusion, etc.
Considering that the sentences containing aggregative words
such as " are weightier for the articles, a score equal to the
number of suffixing words are assigned to the sentences
containing these words.

In this study, Deep Belief Networks were used as the
summarization method. For the training of the model, features
extracted by sentence scoring methods were used. The
sentence-feature matrix is constructed in such a way that each
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sentence has 6 feature vector values. After that, recomputation
is performed on this matrix to develop and abstract the feature
vectors to form complex features from simple features. This
step was used to improve the quality of the abstract. For this,
KBM is used, and the sentence-feature matrix is given as an
input to KBM. In total, 750 visible and 500 hidden layer CBMs
were used. 6 sensors with a learning rate of 0.1 were used in
each layer, the data were given to the system in stacks of 4 and
a total of 10 epochs were run. RBM is retrained for each new
document that needs to be summarized.

The final feature vector values obtained as a result of training
the KBMs are summed to form a score against each sentence.
The sentences are then sorted by decreasing point values. The
most appropriate sentence, the first sentence in this sorted list
is chosen as the first sentence of the summary. Then the next
sentence selected is the sentence with the highest Jaccard
similarity to the first sentence, starting from the top of the
sorted list. This process continues iteratively and gradually to

select more sentences until a summary limit is reached that will
be created with 20% of the sentence number of the
introductory text. The sentences are then rearranged according
to the order of appearance in the original text, and the final
version of the summary text is revealed.

In the summary study, the raw texts were summarized with the
BERT Inferential Summarization method to compare the
performance of the developed system. A comparison was made
between these two abstracts according to BERT Score metrics.
When Table 2 and Figure 6 are examined, an average F-Score
value of 0.78 was obtained among the summaries obtained
from the developed model and the reference summaries
obtained from BERT Inferential Summarization, which is
accepted in the literature. It is seen that the BART Score metric,
which is another metric examined according to Table 2 and
Figure 7 and Figure 8, provides a lower overlap than the BERT
Score metric with a value of 0.68.

Table 2. BERT score and BART score values for the whole dataset.

Metrics Total Number of Dataset(N) Min Median Max Avg Std
BERT Precision (P) 485 0.700 0.747 0.792 0.836 0.879
BERT Recall (R) 485 0.710 0.746 0.781 0.821 0.859
BERT F Score (F1) 485 0.708 0.761 0.786 0.811 0.868
BART Score 485 0.620 0.652 0.683 0.715 0.749
0.55
0.54
0.52
10.50
—
01.E8 _—
0.8
—_—
054
0E2
0.&d
Recall (R) F-Score
0.78 t i i

Precision (P)

Figure 6. BERT score values for the whole dataset.
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Figure 7. BART score values for the whole dataset.
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Figure 8. Evaluation Results Values for the Whole Dataset.

5 Conclusion and future works

In this study, an original Turkish Scientific Article Dataset was
created. Although there are studies that involve summarization
in Turkish language, these studies mainly focus on social media
[30], news texts [2, 5], user comments [28], and podcasts [29].
There is a tendency in the literature to summarize scientific
articles in English. Furthermore, there are studies conducted in
languages such as Indonesian [30], Hindi [4], and Chinese [12].
There is a need for a dataset for summarizing scientific
publications in Turkish and obtaining these summaries. To
fulfill this purpose, a Turkish Scientific Article Dataset was
created by obtaining all computer science articles from 8
journals published in Turkish in 2017 that are indexed in the
Emerging Sources Citation Index (ESCI), Science Citation Index
Expanded (SCI-EXPANDED), and TR Index.

In the preprocessing stage of the dataset, in addition to classical
text processing techniques, a new text preprocessing function
was created based on the scientific article format by adding
new features. For comparing the generated summaries, the
BERT Score metric was used based on the ROUGE metrics
commonly used in the literature. The reference summaries for
comparison were obtained from the BERT Extractive
Summarizer, which was developed by Google developers based
on the BERT algorithm. When examining the results, the
developed system for summarizing Turkish scientific articles

achieved an F-Score of 0.78. It was observed that the BART
Score metric performed lower than the BERT Score in the
evaluation, giving a value of 0.68 for the developed system and
the summaries obtained from the BERT Extractive Summarizer.

In the development phase of the Automatic Text
Summarization system presented in the study, the lack of
specific standardized evaluation criteria for the summary text
is the most significant problem. Previous studies show that
reference summaries are used for comparing the generated
summaries. In addition, evaluation criteria based entirely on
intuitive methods are available in the literature. These methods
were not found useful due to the diverse and lengthy formats of
the scientific articles in the used dataset. In future studies, it is
planned to establish a standard for evaluating the generated
summary text in automatic summarization systems through a
study that can be based on a Turkish dataset. The fundamental
principle is to conduct research on the extent to which the
extracted summaries represent the source text.
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Appendix A

Four article summary of system

SUMMARY 1: “Akan Veri Kiimeleme Teknikleri Uzerine Bir
Derleme”. (Doi: 10.31590/ejosat.446019).

Teknolojinin hizli bir sekilde gelismesine paralel olarak
bilgisayar, akilli telefon veya sensor gibi veri iireten cihazlarin
kullanimi yayginlagmistir. Bu tiir cihazlar kullanilarak “Biiytik
Veri” olarak tanmimlanan inanilmaz bir veri miktar:
tiretilmektedir. Bunlarin basinda verileri bir yere kaydetme
gelmektedir. Cilinkii ¢ok biiytiik veri miktarini kayit altina almak
icin gereken kaynak ihtiyac1 da ¢ok biiyiiktiir. Ornegin banka
gibi finansal kuruluslar i¢in analizlerin anlik yapilabilmesine
ihtiya¢ vardir. Kag¢ smif olacagimi ya kullanicidan girdi olarak
alir ya da rastgele belirleyerek islem yapmakta ve sonucta bu
girdilere gore her zaman dogrulugu Kkesin olmayan bir
kiimeleme yapmaktadir. Bu calismada akan veri kiimeleme
alaninda yapilan c¢alismalar derlenerek bu alanda calismay:
diisiinen arastirmacilara 151k tutmak hedeflenmektedir. Ad:
gecen uygulamalarda ytiksek hizda anlik veri akmaktadir. Basi
ve sonu dénceden bilinemez. Dolayisiyla verinin geneli hakkinda
bilgi sahibi olma imkani yoktur. Gelistirilecek ydntemin
kaynaklari etkin kullanmasi ve tatmin edici sonuglar1 makul bir
zamanda sunmasi ihtiyaci bunlardan bazilaridir. Bu nedenle
gelistirilecek yodntemlerin bu problemleri géz 6niinde
bulundurmasi gerekir. Dinamizm: Veri dinamiktir, her an
degisir.

Kullanicinin istedigi her an kiime sonuglarini sunabilmesi
gerekir. Nesnelerin interneti konusunun yayginlastig
gliniimiizde uygulama alanlarinin daha da artacagini s6ylemek
miimkiindiir. Yukarida da bahsettigimiz gibi teknolojinin
gelismesine paralel olarak internet ortamina aktarilmis olan
veri miktar1 Ussel olarak artmaktadir. Bu devasa verilerin
anlaml bilgiye doniistiiriilmesine olan talep ve yeni ihtiyaglar
bu alanda yapilacak c¢alismalara ilham vermektedir. Ciinki
calismalarin odaklandigl sapan veri tespiti veya ¢ok boyutluluk
gibi problemleri ayni anda saglayan gercgek verileri bulmak ¢ok
zordur. Bu nedenle bu alanda ¢alisma yapan arastirmacilar
genelde kendi verilerini iiretmektedir. Baslica veri 6zetleme
yéntemleri sunlardir: Rastgele Ornekleme (Random Sampling):
En basit 6zetleme yaklasimidir. Bu 6zetleme yaklasiminda belli
araliklarla 6rnek alinir. Hafiza agisindan oldukga tasarrufludur,
sadece w kadar hafizaya gereksinim duyar. Bu yaklasimda
veriler kova (bucket) denilen pargalara béliiniir. Kovalarin
boyutu gerekli hafiza miktarin1 belirler. Dezavantaji geriye
doniik islem yapamamasidir. Histogram érnekleme 6rnegi Cok
Cozliniirlikli Metodlar (Multiresolution Methods): Biiyiik veri
miktar1 ile bas etmek igin gelistirilmis bir yontemdir. Bu
yaklasimda veri miktarini azaltmak icin parcgala ve fethet
yaklasimi izlenir. Bu yaklasimin en 6nemli avantaji veriyi
yonetme anlaminda dogruluk ve kaynak agisindan optimum
sonu¢ vermesidir. Ayrica veriyi farkli acilardan anlamaya
yardima olur. Ornek olarak dengeli ikili agaclarini ele alirsak
kokten yapraklara dogru indikce her adimda sonug
detaylandirilmis olur. Bu yaklasim da buna benzemektedir. iki
cesit cok ¢oziiniirliklii metot vardir. Taslak (Sketches): En
dogruya yakin bir cevabi elde etmeyi garanti eden bir
yaklasimdir. Veriye ait siklik momenti (frequency moment)
sketch denilen 6zetler ile elde edilir. Rastgele 6rnekleme ve
taslak yaklasimlarinin birlesiminden olusur. Purity Testi, F-
Score, Accuracy, Rand index(RI), Adjusted Rand index(ARI) ve
Silhouette index bu alanda kullanilan baslica ydntemlerdir.
Akan veri kiimeleme modelini degerlendirirken bu

parametrelerden sadece birini kullanmak basariy1 tam olarak
6lcmek adina yeterli degildir. Bu nedenle bu parametrelerden
birka¢ tanesi kullanilmaktadir. Ornegin Purity-ARI, Purity-
Accuracy-F-Score veya Purity-ARI-Silhouette index
parametrelerinin kullanimi oldukca yaygindir. Temel anlamda
kiimeleme basaris1 degerlendirme yontemlerini iki gruba
ayirabiliriz: Dahili ve harici yontemler. S6z konusu bu benzerlik
kriteri ¢ogu zaman uzakliktir. Silhouette index ve SSE (Sum of
Squarred Errors - Hatalarin Kareleri Toplami), baslica dahili
kiime basarisi degerlendirme yontemleridir. Bu uzakliklardan
ilki verinin bulundugu kiimeye ait diger verilere olan
uzakliklarin ortalamasidir. Verilerin hata paylarinin karelerinin
toplamini bulur. Yani veri dogruya ne kadar yakin olursa hata
paya o kadar azalir. Purity 6nerilen modelin yaptig1 kiimeleme
yaklagiminin saflik derecesini hesaplar. Her kiime igin
icerisinde barindirdig: verilerden sayisi en fazla olan verilerin
toplam veri sayisina oranidir. Bu islemi tiim kiimeler icin yapar
ve elde edilen sonuglarin tamamini toplar. Bu toplamin toplam
veri sayisina orani Purity’dir. Sonrasinda bu yapilan islemi ikili
olarak karsilastirir. Aynt m1 yoksa farkli mi oldugunu bir
tabloda tutar. Bu tablo iizerinden RI degerini hesaplar. Oysaki
harici yontemlerde verilen etiketin gercek kiime etiketi ile
uyusmamasl, sonucu dogrudan etkiler. Zaman karmasilig
acisindan bakildigi zaman ARI, Jaccard index, Fowlkes &
Mallows ve Silhouette index gibi kiimeleme basarisi
degerlendirme yontemlerinin zaman karmasikligi diger
yontemlerden daha yiiksektir. Bu tiir yaklasimlarda kiime sekli
yuvarlaktir. Bu yaklasimlarda genelde sonug giiriiltii ve sapan
veriden etkilenir. Kiime birlestirme (merge) ve kiime bolme
(split) islemi siirekli yapilir. Hiyerarsik kiimelemenin basarisini
arttirmak i¢in diger yontemlerle birlestirilmis yaklasimlar da
mevcuttur. Grid tabanli kiimeleme, verinin dagilimindan
bagimsizdir. Grid tabanli yaklasimlarin yogunluk tabanli
yaklasimlarla birlestirildigi ¢ok sayida ¢alisma da mevcuttur.
Yogunluk tabanli kiimeleme, yogunlugu baz alarak kiimeleme
yapar. Buyaklasimlarda kiimeler verinin yogunlastigi alanlarda
yogunlasir. Temel yaklasimi kiimeyi verinin yogunlastigi
yerlere dogru genisletmeye dayanir. Bl ve fethet yaklagimina
dayanir. Ik asamada data stream kova (bucket) denilen
pargalara boliinlir ve her kova i¢in k-median uygulanarak k
tane kiime bulunur. Veriye ait 6zetleme istatistikleri bellege
kaydedilir. Bu durum, kullaniciya zaman agisindan esneklik
saglar. Bu algoritma dairesel olmayan sekilleri bulmakta ¢ok
verimli degildir. Bu yaklasim temel anlamda verimli bellek
kullanim1 ile 6n plana g¢ikmaktadir. StreamSamp’te sabit
boyutlu bellek kullanimi benimsenmistir. iki cesit hafizalama
yoluna gidilmektedir. Kisa boyutlu ve daha uzun boyutlu
hafizalama. Online kisim mikro-kiimeleri bulmak i¢in kullanilir.
Mikro-kiimeler hiyerarsik yapida birlestirilir. ~ Sistem
kendinden uyarlamalidir. CluStream algoritmasinin gelismis
bir versiyonudur. ClueStream algoritmasina gore avantaji ¢ok
boyutlulugu desteklemesidir. Cok boyutlu verilerde boyutlarin
bir alt kiimesini alir. Nitelik sayis1 glincellenebilmektedir. Yeni
gelen verilere daha fazla 6nem verilmesi gereken uygulamalar
icin uygundur. Cok boyutlulugu desteklemesine ragmen ¢ok
boyutluluk konusunda optimum bir sonu¢ verememektedir.
Kiime sekillerini belirlemekte problem cikmaktadir. lyi
performans i¢in verinin tamami hakkinda yeterli bilgiye sahip
olmak gerekir. Gridler noktalar halinde haritalanir ve depth
first search algoritmasi uygulanarak kiimeler olusturulur.
Kiimeleri bir grafin pargalari gibi birbirine baglar. RDenStream
algoritmasimin en 6nemli farki atilan verilere ikinci bir sans
vermesidir. Fading cluster yapisini ve histogram kullanir. Eski
gridlerin agirligini azaltmak i¢cin zamana bagh olarak agirhik
azaltma (fading) fonksiyonu kullanir. Eger belirlenen bir gridin
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yogunluk degeri esik degerinin altina diiserse ve yeni veriler
eklenmez ise silinir. Nitelik sayisi (dimension) arttik¢a grid
sayisl iissel artar, bu nedenle cok boyutlu problemler i¢in uygun
degildir. Amag ¢ok boyutlu veriler icin performans: arttirmak.
Boyut indirgeme islemi yapilir. Bunu yaparken de sonucla en
fazla alakasi olan nitelikler segilir. SE-Stream algoritmasinda
bunlar optimize edilir. N-boyutlu veriyi gridlere ayirir ve
dzvektor (eigenvector) ile update eder. Ozvektér grid
merkezinin koordinatlarini, gridin en son glincellendigi zamani,
gridin grid merkezinden silindigi zamani ve en son grid
yogunlugu gibi veri gruplarini igerir. Ozvektér ile gridin yogun
mu yoksa seyrek bir grid mi olduguna karar verir. Kategorik
niteliklerde belirsizligi ortadan kaldirmak ig¢in iki objenin
uzaklik fonksiyonunu olasilik dagilimi ile kullanir. K iime
yapisinda degisiklik yapilip yapilmayacagina ad1 gecen uzaklik
fonksiyonu ile karar verir. HDDStream ii¢ asamadan olusur.
HDDStream algoritmasinin HPStream algoritmasindan farki
kiime sayisinin zamana baglh olarak degismesidir. CL-Ant ve CL-
Antlnc algoritmalarinda veriler karinca olarak temsil
edilmektedir. HSDStream ii¢ asamadan olusmaktadir. Yapilan
deneysel c¢alismalar HSDStream algoritmasinin HDDStream
algoritmasindan daha iyi sonuglar verdigini ortaya koymustur.
CODAS'In getirdigi en onemli yenilik tamamen online
calismasidir. Bunu gergeklestirmek icin kiimelemede hyper-
spherical mikro-kiime denilen yapiy1 kullanir. K-means ve k-
medoid gibi yaklasimlarin aksine herhangi bir varsayimda
bulunmaz. Skeleton denilen pargalar verinin yogunluga gore
agirliklandirilmis  seklidir. Mevcut yaklasimlarin ¢ogundan
daha iyi sonu¢ verdigi tespit edilmistir. Bu yaklasimda
kullanicidan sadece bir parametreyi belirlemesi
beklenmektedir. Gelistirilen yontem CluStream, DenStream ve
ClusTree algoritmalari ile karsilastirildiginda daha iyi sonug
verdigi tespit edilmistir. DBSTREAM veriyi mikro-kiimelere
bolerken sadece mikro-kiimeler arasi mesafeyi almaz ayni
zamanda orijinal veriler arasindaki yogunluk baglantilarini da
alir. Veriler w boyutunda pargalara ayrilir. Yani geriye dontis w
siiresince olabilir. Burada kiime birlestirme ve ayirma (merge
ve split) k-means ile yapilir. Her veri gelisinde graf yapisi
kontrol edilmekte ve eger gerek varsa bu yap:
giincellenmektedir. Offline asamada ise kullaniciya mikro-
kiimelerden olusan makro kiimeler sunulur. LLDStream boyut
indirgemeyi LDA (Linear Discriminant Analysis)'dan
faydalanarak yapar. Bunun i¢in akan veriden birbiri ile alakali
nitelikleri bulmak i¢in frekans spektrumunu bulur. Online
boliim kayan pencere ile akan verilerin spektral bilesenlerini
hesaplar. SPE-Cluster dinamik yapist ile kiimeleme
adaptasyonu (concept evolution) ve kiime sayisi problemlerine
¢Ozlim iiretmektedir. Jurgen ve ark. Veriyi 6zetlemek i¢in
veriler arasindaki uzaklig1 ve Discrete Fourier Transform (DFT)
katsayisini kaydeder. Ustten asagiya (top-down) bir yapiy1
destekler, hiyerarsik bir aga¢ yapisindadir. Hiyerarsik agacta
her bir kék (node - burada kiime) uzakliga bakarak ayirir. Var
olan kiimelerin ¢apina bakarak kiimelerin birlestirilmesine
veya ikiye ayrilmasina karar verir. Bunun icin ortalama,
standart sapma ve her kiime i¢in nokta sayisina bakar.
Benzerlik oOlciitli olarak agirliklandirilmis korelasyon kullanir.
Belirli bir durum olustugunda kiimeleri boler veya birlestirir.
Cok sayida parametre var ve parametrelerin ¢ok dogru
secilmesi gerekir. Ozellikle banka, saghk kuruluslari, giivenlik
ve saghk kurumlari gibi kuruluslar igin veriyi akarken
anlamlandirmak gerekir. Ciinkii bu tiir kuruluslarda zamana
kars1 bir yaris s6z konudur. Bunun yaninda bilim, ticaret,
meteoroloji, teknoloji ve kamu yo6netimi gibi pek ¢ok alanda
yaygin olarak kullanilmakta ve kullanim alani giin gectikce
artmaktadir. Literatiirdeki g¢alismalarin ¢ogu online-offline

olarak iki bilesenden olusmaktadir. Tamamen online c¢alisan
yontemler de dnerilmektedir ncak bu tiir yontemler ya istenen
basariyr vermemektedir ya da performans: arttirmak igin
6zetleme yontemleri kullanildigindan verinin 6nemli bir kismi
yok sayilmaktadir. Kisaca verinin nasil dzetlenecegi de yine
calismaya acik alanlardan birisidir. Gelistirilen yontemlerde
kullanilan parametrelerin se¢imi ve atanmasi da yine giincel
problemlerden birisidir. Cogu calismada ¢ok sayida
parametrenin belirlenmesi gerekmektedir. Bu parametrelerin
dogru belirlenmemesi basariy1 dogrudan etkilemektedir.
Parametreleri azaltmak ve bu parametrelerin miimkiin
oldugunca model tarafindan belirlenmesi de Onemli
problemlerden birisidir. Ayrica sapan verileri tespit etmek ve
performansi diisirmeden ¢ok boyutlulugu desteklemek de
giincel problemler arasindadir.

SUMMARY 2: “Blok Zinciri Teknolojisi: Kullanim Alanlari, Agik
Noktalar1 ve Gelecek Beklentileri”.
(Doi: 10.31590/ejosat.423676).

New York Times, The Economist ve Wired gibi bir¢cok tinli
haber dergisinde Bitcoin’in bu gizemli dykiisii cesitli defalar
yayinlanmis ve Bitcoin’in arkasindaki kisi veya kisilerin kimler
olduguna dair cesitli tahminler yapilmistir. Giintimiizde,
oncelikle merkez bankalar1 olmak tizere ¢esitli devlet
kurumlari, bir¢ok biiyiik banka ve teknoloji sirketi blok zinciri
teknolojisine yatirim yapmakta ve bu amagla gesitli isbirlikleri
olusturmaktadir. Bu gelismeler ve blok zinciri teknolojisinin
kullanim alanlar1 makalenin ilerleyen béliimlerinde detayl
sekilde tartisilacaktir. Bu ¢alismalarin 6nemli bir kismi da
diinya yazinindaki yayinlarla paralel bir sekilde, agirlikh olarak
Bitcoin’in hukuki ve ekonomik durumuna odaklanmaktadir.
Her yeni teknolojide oldugu gibi, blok zinciri teknolojisinin
saglikll sekilde gelisebilmesi ve yayginlasabilmesi de ancak
akademik alanda yapilacak c¢alismalarla desteklenmesiyle
miimkiindiir. Bu nedenle, blok zinciri teknolojisini sistematik
olarak inceleyen, arastirma alanlarini, a¢ik konular1 ve kullanim
alanlarini tartisan akademik c¢alismalara ihtiyag duyuldugu
gozlemlenmektedir. Standart tek bagl liste yapisinda, listenin
her elemani, kendinden sonra gelen elemani bir isaretci
yordamiyla isaret eder. Bu sekilde listenin baslangig
elemanindan kuyruk elemanina kadar biitiin elemanlar
birbirlerine baglanmis sekildedirler. Blok zinciri yapisinda ise
her eleman (blok), sadece sonraki blogu isaret etmez, ayni
zamanda o blogun &ézet (hash) degerini de saklar. Ozet-isaretci
yapisi, bu tiir bir degisiklige izin vermez, daha dogrusu bu tiir
bir degisiklik yapildig: kolaylikla anlasilir. Ciinkii yeni eklenen
blogun 6zet degeri, bu yeni blogu isaret eden 6zet-isaretcisinin
isaret ettigi degerden farkl olacaktir. Bu 6zellik blok zincirinin
giivenli bir yap1 olmasini saglayan énemli etmenlerin basinda
gelmektedir. Bu bilgiler daha sonra acik muhasebe defterine
kaydedilir. Bu sekilde, tiim finansal hareketler acik muhasebe
defterine kaydedilmis ve merkezi bir otorite olmaksizin
finansal bir isleyis kurulmus olur. Burada en 6nemli nokta, agik
muhasebe defterine kaydedilen islemlerin dogru islemler
olmasi, kotii niyetli esler tarafindan iiretilen sahte veya hatali
islemler olmamasidir. Aksi halde, sistem finansal hirsizlik
olaylarina agik hale gelir. Diger tiim egsler, kendilerine gelen
islemleri degerlendirir ve dogru ise kabul ederek kendilerinin
iretecegi yeni islem bloklarina eklerler. Bu finansal tesvik
yardimiyla dagitik uzlasi sisteminin, dogru islemleri paylasan
giivenilir esleri destekleyerek daha giivenli hale gelmesi
hedeflenmistir. Islem iicretleri opsiyoneldir ancak blok édiilleri
belli periyotlarla yarilanarak devam etmektedir. Gergek
diinyada yapilan islemde giivenlik 6nlemleri, fiziksel paranin
gilivenli sekilde imal edilmesine ve kolay sekilde taklit
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edilememesine odaklanmistir. Yani A kisisi B kisisine para
transferi yaparken, islemi kendi dijital imzasiyla imzalayarak
giivenli hale getirir. Dijital imzalama islemi, yapilan islemlerin
giivenligini saglarken; ayrica islem sahiplerinin de gizliligini
saglamaktadir. Bitcoin ile yapilan tiim islemler acik muhasebe
defterine kaydedilir ve adindan da anlasilacagi lizere bu deftere
isteyen herkes erisebilir. Ancak islemlerde gergek kisi bilgileri
veya bundan tiiretilen bir bilgi yerine, dijital imzalar yer aldig1
icin finansal hareketlerin gergekte kimler tarafindan yapildigi
bilinmez. Tesvigi hangi esin alabilecegi konusu ise oldukca
onemli bir problemdir. Dolayisiyla tesvik edilecek eslerin
sec¢imi, rastlantisal sekilde olabilmeli ve sistemde hicbir es ya
da es grubu tekel olarak davranamamalidir. Eslerin, sisteme
yeni blok ekleyebilmeleri, ¢6zlimii i¢in yiiksek islemci giiciine
ihtiyac duyacak karmasik bir 6zet-bulmacanin ¢oziilmesiyle
mimkin olmaktadir. Yiiksek islemci giiciine dayali bir
problemin ¢6ziimi, tesvik kazanmak isteyen kimselerin giiglii
ozelliklerdeki ¢ok sayida bilgisayar1 Bitcoin sistemine dahil
etmelerini saglamistir. Ancak siirekli yeni eslerin katilarak,
sistemi biiyiittiigii bir dagitik sistemde, belirli es veya eslerin
tekel olabilmeleri ¢ok kolay olmamaktadir. Emek ispati hali
hazirda en popiiler blok zinciri platformlarinda kullanilan blok
tiretim ve dogrulama mekanizmasi olmakla birlikte, yiiksek
enerji tiiketimine neden olmakta ve 06zel donanim
gereksinimleri ortaya ¢ikarabilmektedir. Bu durum ise ¢esitli
elestirilere neden olmakta ve alternatif ¢oziimler
onerilmektedir. Alternatif bir yontem olarak 6ne ¢ikan hisse
ispat1 (proof of stake - PoS), blogu tireten esin ilgili blok zinciri
ag1 Uzerinde sahip oldugu pay ile orantili olarak gecerlilik onay
yetkisi vermektedir. Bu yontemde, yliksek pay sahibi egslere
strekli bir avantaj saglanmasinin dniine geg¢mek icin akis
icerisindeki hesaplamalarda kullanilmak {izere yas (age)
kavrami da gelistirilmistir. Bu sayede, herhangi bir blok iiretimi
icin kullanilan pay kapsamindaki kripto paralarin yas degerleri
sifirlanir ve ancak belirli bir slire sonra tekrar yas degeri
kazanmaya baglarlar. Bu durum alisik oldugumuz hesap
yonetiminden biraz daha farkhdir. Ornegin banka hesabinizda
bir bakiyeniz vardir; hesabimiza gelen paralar bakiyenizi
arttirirken, hesaptan ¢ikan paralar da bakiyenizi azaltir. Bir
para harcamasi yapacaginiz zaman, eger harcamak istediginiz
tutar bakiyenizden biiylikse islemi yapamazsiniz. Bitcoin
islemleri ise bir bakiye yonetimi gibi calismaz, her islem kendi
icinde girdi ve ¢iktilarini belirtir. Metadata béliimiinde, islemin
tekil numarasi, girdi sayis1 ve ¢ikt1 sayisi gibi isleme ait temel
veriler yer almaktadir. Anahtar ydnetimiyse bilisim glivenligi
alaninda bagh basina 6nemli bir konudur. Zira anahtarlarin
baskalar1 tarafindan ele gecirilmesi onemli riskler igerir.
Internette {icretsiz olarak bircok Bitcoin ciizdani yazilimina
erisilebilir. Bu alanda yenilikgi bir ¢6ziim de sadece Bitcoin’leri
degil, paralelinde bir¢ok farkli kripto parayr yonetmeyi
saglayan 0zelligi ile 6ne ¢ikan Exodus (http://www. Exodus. I0)
isimli ciizdandir. Bunun yanisira Electrum (https://electrum.
Org), Jaxx (https://jaxx. lo/) ve Mycelium (https://wallet.
Mycelium. Com/) gibi cilizdanlar da popiiler ciizdan
yazilimlaridir. Bu nedenle sicak ve soguk clizdan kavramlari
gelistirilmistir. Soguk cilizdanlar ise daha giivenli olmasi
amaciyla, slirekli ¢evrimici olmayan ve sadece gerektiginde
sicak clizdanlarla para transferi yapmak icin ¢evrimic¢i olan
clizdanlan tarif eder. Trezor (https://trezor. lo/) ve Ledger
(https://www. Ledgerwallet. Com/) giinlimiizde yaygin olarak
donanim tabanli soguk clizdanlardir. Kismi-merkezi bok zinciri
yapilarinda, diger bir adiyla konsorsiyum blok zincirleri,
dagitik uzlas1 yontemi yerine sadece 6nceden belirlenmis sinirh
sayida esin, uzlasi sistemini yonettigi yapilardir. Bu tiir
yapilarda blok zinciri verisi herkese agik olabilecegi gibi

verilerin erisilebilirliginin de cesitli sekillerde kisitlandig:
karma blok zinciri yapilari olusturulabilir. Verileri okuma hakk:
ise herkese acik olabilecegi gibi cesitli sekillerde kisitlanabilir.
Bu platformlar, agik kaynakli olup olmamalari, fiyatlandirma
yapisl, destekledikleri programlar1 dilleri ve destekleri blok
zinciri yapilarina (agik, hibrid, 6zel) gore farklilasmaktadir.
Ethereum ve Hyperledger, bu alanda en yaygin kullanilan, en
bilindik alternatiflerdir. Kripto paralar disinda blok zinciri
teknolojisinin 6zellikle giiven sorunu yasanan ve bu sorunu
asmak icin araci kisi ve kurumlarin (intermediaries) yer aldigi
bir¢cok is alaninda kullanilabilecegi ongoriilmektedir. Blok
zinciri teknolojisini kullanan bir¢ok kavram kanitlama ve
prototip liriin ¢alismalar1 yapilmasina ragmen gercek hayatta
kullanilan uygulamalar heniiz hayata ge¢gmemistir. Dolayisiyla
blok zinciri teknoloji kullanan is fikirleri oldukea ilgi cekmesine
ragmen, bu fikirlerin hayata gegmesi i¢in yatirim biitcelerine ve
zamana ihtiya¢ vardir. Uluslararasi ticaretin finansmani
konusunda ise ¢esitli bankalarin bir araya gelip konsorsiyumlar
olusturdugu  duyurulmaktadir.  Bitcoin  Betik diliyle
tanimlanabilen akilli kontrat yapisi sayesinde, kontrat
iceriginde belirtilen gerekli mantiksal kosullarin saglanmasi
durumunda, amaclanan islemin hayata gecmesi
saglanmaktadir. Merkezi bir otoriteye gerek duymaksizin,
farkl paydaslar arasinda dijital sozlesmelerin
tanimlanabilmesi ve so6zlesme kosullarinin takip edilerek
sonucuna gore hedeflenen aksiyonlarin otomatik olarak hayata
gecirilebilmesi, blok zinciri teknolojisinin en c¢ok heyecan
yaratan uygulama alanlar1 arasindadir. Diger bir taraftan, blok
zinciri teknolojisinin etkilerinin mevcut iriin ve hizmetleri
iyilestirmenin ¢ok daha 6tesinde olacagini savunan ve buna
yonelik diistinceler gelistirilen kisi ve kurumlar da vardir. [OTA,
komisyon {icretleri olmadan, dagitik ve o&lgeklenebilir bir
altyap1r sunmakta ve nesnelerin agik muhasebe defteri (ledger
of things) olarak adlandirmaktadir. Bu gelismelere biraz daha
mesafeli duran ve blok zinciri teknolojisi etrafinda olusan
yluksek beklentilerini sorgulayan ve blok zinciri teknolojisinin
net faydalarinin goriilebilecegi projelere odaklanilmasini
oneren goriisler de vardir. Danismanlik sirketlerinin
raporlarinin yani sira, yeni bir teknolojinin gelisimini
destekleyen en 6nemli konulardan biri de standardizasyon
calismalaridir. Tim bu gelismeler, diinya ¢apindaki 6nemli
kuruluslarin blok zinciri teknolojine 6nem verdiklerini,
yayginlagsmasini desteklediklerini, bu teknolojinin gelecegine
dair olumlu beklentileri oldugunu ve bu yénde Onemli
yatirimlar yaptiklarin1 gostermektedir. Sifir Bilgi Kaniti
algoritmasi, 6zetle bildiginiz bilgiyi bir baskasina, bilgiyi ona
vermeden ispat etmek olarak tanimlanabilir. Sifir Bilgi Kaniti
algoritmasi, erisilebilir blok zinciri verileri ilizerinden islem ve
grafik analizi gibi yontemlerle cesitli ¢ikarimlar yapmanin
O6nline ge¢mede ve blok zinciri islemlerinin mahremiyeti
artirmada etkili bir algoritmadir. Sistemin giivenli ve dagitik bir
sekilde c¢alisabilmesi icin biitiin eslerde ayni o6zellik ve
algoritmalar ¢alistiran acik kaynakl yazilimlar calismalidir.
Cesitli nedenlerle bu yazilimin 6zellikleri, parametreleri veya
kullandig1 algoritmalarda degisiklikler veya gelistirmeler
yapilmas1 gerekebilmektedir. Bu durumlarda yapilan
degisikliklerin bazen yumusak (soft-fork) bazen sert (hard-
fork) sekilde yapilabilir: Diger bir ifadeyle yapilan degisiklik
daha 6nce gegerli olan bir blogu/islemi gecersiz hale getirebilir
(soft-fork) veya daha once gecersiz olan bir blogu/islemi
gecerli hale getirebilir (hard-fork). Bu krizler sisteme olan
giiveni azaltabilmekte ve blok zinciri teknolojisine olan
destegin de azalmasina neden olabilmektedir. Performans ve
Olgeklenebilirlik (Performance and Scalibility) Bitcoin, her ne
kadar gittikce artan bir kullanim oranina sahip olsa da
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diinyadaki tiim finansal islemlerin hacmi diistiniildigiinde
heniiz diisiik diyebilecegimiz seviyelerde finansal hacime ve
siirli islem sayilarina sahip bir para birimidir. Olgegin artmasi
boylesine biiyiik dagitik bir sistem i{izerinde kosan
algoritmalar1 saniyede binlerle ifade edebilecek islem
seviyeleri ile kars1 karsiya birakacaktir. Pratik hayatta da blok
zincirini iyilestirmeye yonelik ornekler ortaya ¢ikmaya
baslamistir. Bu teknoloji hizl1 ve ucuz islem iicretleriyle islem
yapmak isteyen eslerin, kendi aralarinda ve blok zincirine agina
bagimli 6deme kanallar1 agmalar1 ve islemlerini bu 6deme
kanallari iizerinde yapmalari esasina dayanir. Odeme kanallari
iizerinde islem gilivenligini saglamak icin ¢coklu imzalama ve iki
yonii 6deme yapilabilmesi gibi mekanizmalar da tasarlanmistir.
Bitcoin ve kripto para kavramlari, son donemde ekonomi ve
finans diinyasi i¢in en ilgi ¢ekici konularin arasinda yer
almaktadir. Bitcoin’e hayat veren ve ag¢ik muhasebe sistemi
kavramini hayatimiza sokan blok zinciri teknolojisi ise, gerek
dagittk mimarisi gerekse giivenlik 06zellikleriyle biiyiik
mihendislik firmalar1 ve danigsmanlik sirketlerinin ilgi odag:
olmustur. On y1l gibi kisa bir siirede bir¢ok {iriin ve hizmetin
altyapisini olusturmas1 beklenen blok zinciri teknolojisi,
miihendislik anlaminda 6nemli gelismelerin yasanacag, biiytik
doéniigtimlerin gozlemlenecegi bir alan olarak 6ne ¢ikmaktadir.
Diinyanin 6nde gelen iiniversitelerinde bu alanda derslerin
acilmaya baslandigini ve arastirma laboratuvarlariin
kuruldugunu gézlemlemek miimkiindiir. Ulkemizde ise sinirh
sayida olmakla birlikte olumlu gelismeler yasandigin
soyleyebiliriz.) de oldugu bilinmektedir. Blok zinciri
teknolojisi, yapay zeka ve nesnelerin interneti teknolojileri gibi
cok biiyiik degisimlere yol acabilecek teknolojiler arasinda
gosterilmektedir. Bu alandaki c¢alismalarin tesvik edilerek
yayginlastirilmasi, diinyada yasanan o6nemli bir teknolojik
donlislim siirecinde tlkemizin hak ettigi yeri almasini
saglayacaktir.

SUMMARY 3: “Bluetooth Diisiik Enerji Teknolojisine Sahip
Isaretci ve Akilli Telefon Temelli Ogrenci Yoklama Sistemi”,
(Doi: 10.17671/btd.94742).

Ogrencilerin derse devam takip islemleri ¢ogunlukla yoklama
listelerine imza atma yoéntemi ile yapilmaktadir. Ogrenci
sayisinin ¢ok oldugu biiyiik siniflarda yoklama islemi oldukga
zaman almaktadir. IBeacon cihazlar konumlandirildiklar
ortamda stirekli Bluetooth paketi yayarlar ve bu paketi alan
akilli telefon gibi mobil cihazlardaki uygulamalarin tetiklenerek
calismasini saglarlar. Bu nedenle isaretgiler BLE beacon olarak
da adlandirilmaktadir. Gelistirilen sistem devam takip
islemlerinin otomatik olarak gerceklestirilmesi, 6grencinin
katilim siiresinin saat bazinda tam olarak belirlenmesi,
yoklama islemi i¢in harcanan siirenin kisaltilmasi gibi bircok
avantaj sunmaktadir. Bununla birlikte kullanicilarin BLE
teknolojisini  destekleyen mobil cihazlara sahip olma
zorunlulugu sistemin bir dezavantaji olarak géze carpmaktadir.
Makalenin organizasyonu su sekildedir. Son bdliimde ise
sonuclar ve degerlendirmeler verilmektedir. Mobil cihazlardaki
uygulamalar, isaretci cihazlardan alinan kablosuz sinyaller ile
tetiklenir/¢alistirilir. Tiim ag tanmimlamak i¢in kullanilir ve
genellikle tretici bilgisini icerir. ilk olarak kullanicilar, mobil
uygulamaya kullanici ad1 ve sifre ile giris yapmaldirlar.
Veritabani olarak MySQL veritabani kullanilmistir. Kullanici ad1
ve sifre ile mobil uygulamaya giris yapildiktan sonra ilk olarak
kullanici bilgileri gelmektedir. Bu durum kullaniciya sekilde de
gorilldigii tizere bildirim mesajlar ile aktarilmaktadir. Bu
yaziliminin tasarim ve gelistirilmesinde bootstrap, php, html
teknolojileri kullanilmistir. Bu arayiizde ilgili dersi alan
ogrenciler ve ogrencilerin toplam katilim yiizde oranlari
gorilmektedir. Isaretciler reklam, lojistik, {iriin, tarihi eser ve
yerlerin tanitimi, navigasyon gibi ¢ok genis uygulama alani
sunmaktadir. Bu c¢alismada, kullanimi hizla yayginlasan ve
giincel bir teknoloji olan isaretcilere dayali olarak gelistirilen
yoklama ve katilim sistemi sunulmustur. Béylelikle 6grencinin
hangi saat sinifta oldugu hangi saat ayrildig1 izlenebilmektedir.
Gelistirilen sistemin en biiyiik dezavantaji ise kullanicilarin BLE
teknolojisine sahip mobil cihaz kullanimidir. Glinlimiizde yeni
cihazlarin ¢ogunda BLE teknolojisinin standart olarak
sunulmasi bu dezavantajin hizla giderilecegini gostermektedir.
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