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Arastirma Makalesi

Kisa Metinleri Yazildiklar: Dile Gére Simiflandirma ve Farkl Oznitelik Se¢cim

Yontemlerinin Uygulanmasi

Murat ASLANYUREK!"”, Altan MESUT?

(Alinis / Received: 27.09.2021, Kabul / Accepted: 23.12.2021, Online Yayinlanma / Published Online: 31.12.2021)

Anahtar Kelimeler
Dil tamima

Fasttext

Langdetect

Makine 6grenmesi

0z: Ozet: Bu calismada Wikipedia makale 6zetlerinden olusan farkli boyutlardaki iki
veri seti lizerinde dil tanimaya yonelik siniflandirma islemi yapilmistir. A veri seti
grubu 204 bayt ve daha kisa makale 6zetlerinden olusurken, B veri seti grubu 204
ile 512 bayt arasindaki dzetlerden olusmaktadir. Calismadaki birinci hedef kisa
metinlerin boyutlarina goére uygun makine O6grenmesi ve o0znitelik secme
yonteminin belirlenmesidir. Ikinci hedef ise en hizli ve yiiksek dogrulukla
siniflandirma yapan yontemin tespit edilmesidir. Yapilan testler sonucunda
oznitelik seciminde SelectFromModel-Lojistik Regresyon kullanilmasi ile en yiiksek
dogruluk degerine ulasilirken, makine 6grenmesi yontemi olarak Naive Bayes
Multinominal ve Naive Bayes Bernoilli farkli uzunluktaki veri setlerine goére
birbirlerine tstiinliik saglamaktadir. Ayrica ¢alismada kullanilan tiim siniflandirma
yontemleri ile yapilan testler sonucunda, her iki veri setinde diger simiflandirma
yontemlerine gore fasttext'in dogruluk bakimindan, Kelime Tabanh Istatistiksel
Yontem (KTIY)'nin ise hiz bakimindan tistiinliik sagladig anlasilmistir.

Classification of Short Texts According to the Language They Are Written in and

Application of Different Attribute Selection Methods

Keywords

Language recognition
Fasttext

Langdetect

Machine learning

Abstract: In this study, a classification process for language recognition has been
performed on two data sets of different sizes consisting of Wikipedia article
abstracts. Dataset group A consists of article abstracts of 204 bytes and less, while
dataset group B consists of abstracts of between 204 and 512 bytes. The first goal of
the study is to determine the appropriate machine learning and attribute selection
method according to the sizes of the short texts. The second goal is to determine the
fastest and most accurate classification method. As a result of the tests performed;
the highest accuracy value has been achieved by using SelectFromModel-Logistic
Regression in feature selection, while as a machine learning method, Naive Bayes
Multinominal and Naive Bayes Bernoilli have been superior to each other according
to data sets of different lengths. In addition, as a result of the tests performed with
all classification methods used in the study, it has been understood that fasttext is
superior in terms of accuracy and Word-Based Statistical Method WBSM in terms of
speed in both data sets compared to other classification methods.
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M. Aslanyiirek vd / Kisa Metinleri Yazildiklari Dile Gére Siniflandirma ve Farkli Oznitelik Segim Yontemlerinin Uygulanmasi
1. Giris

Dogal dil islemenin alt konularindan olan Dil Tanima (DT) problemi ile ilgili gecmisten giiniimiize bircok ¢alisma
yapilmistir. Bir belgenin yazildigi dilinin bilinmesi ya da bir belge tizerindeki farkl dillere ait metinlerin dillerine
gore gruplanmasi bir siniflandirma problemidir. Metinlerin dillerine gére gruplanmasi onlar lizerinde yapilacak
On islem adimlarini kolaylastirmakla beraber, arama, sikistirma gibi islemleri de kolaylastiracaktir. Dil tanima ya
da metin siniflandirma islemleri denetimli ve denetimsiz 6grenme yontemleri ile yapildig: gibi, istatistiksel farkli
yaklasimlarla da yapilabilir. Dil tanima problemlerinde ki en temel unsur, ayirt edici 6zelliklerin belirlenmesidir.
Bu anlamda istatistiksel yontemler ile yapilan DT problemleri i¢in o dile ait sik gecen kelimelerin belirlenmesi
onemlidir. DT islemlerinde makine 6grenmesi yontemleri kullanildiginda 6znitelik se¢imin etkili yapilmasi hem
islem siiresini hem kisaltmas1 hem de siniflandirma basarisini arttirmasi beklenmektedir. Oznitelik segimi, bir veri
kiimesindeki o6zniteliklerin, siniflandirma basarisina en ¢ok katki saglayacak olanlarin secilmesi olarak
tanimlanabilir. Boylelikle veri kiimesini en iyi ifade edecek alt kiime olusturulmasi hedeflenir. Bu anlamda
oznitelik secimiyle alakal literatiirde birgok farkl yaklasim ve teknik uygulanmaktadir. Giilsen ve ark., Tirk
kullanicilarin web gilinliik verilerine dayali olarak cinsiyet tahmini yaptiklar1 siniflandirma ¢alismalarinda
oznitelik ¢ikarma teknigi olarak Bilgi kazanimi ve Ki-Kare tabanl 6znitelik se¢im teknikleri kullanarak, Lojistik
Regresyon (LR) smiflandiricisi ile yiliksek basarimli bir siniflandirma yapmiglardir [1]. Yengi ve Omuca LR
siniflandiricisinin performansini arttirmak icin 6znitelik secimi ve 6znitelik azaltma yontemlerini (wrapper, filter
vb.) kullanmislardir. Bu sayede LR siiflandiricinin performansinit DVM (Destek Vektor Makineleri) gibi gliclii bir
siniflandiricinin performansina esdeger hale getirmeyi basarmislardir [2]. Parlar ve ark., Twitter verilerini
kullanarak olusturduklari bir veri kiimesinde duygu analizi siniflandirmasi i¢in bir ¢alisma yapmislardir. Bu
calismada siniflandirma basarisini arttirmak i¢in farkl 6znitelik se¢im yontemlerini kullanmislardir. Kullandiklari
Bilgi Kazanimi, Ki-Kare modeli, Karinca Kolonisi Optimizasyonu ve Sorgu Genisletme ydntemlerinden, en iyi
sonucu veren yontemlerin Karica Kolonisi Optimizasyonu ve Sorgu Genisletme yodntemleri oldugunu tespit
etmislerdir [3]. Sel ve ark., yaptiklar1 ¢alismada 6znitelik se¢cim teknigi kullanmadan olusan 600 6znitelik ve
Karsilikli Bilgi 6znitelik se¢im yodntemini kullanarak 20, 50, 100 ve 200 6znitelik kullanarak simiflandirma
yapmiglardir. 50 o6znitelik kullanildigi durumda en yiiksek smiflandirma dogruluguna ulastiklan g¢alisma
sonucunda anlasilmistir [4]. Erdem ve Ozgiir, simflandirma basarisim arttirmak ve siniflandirma siiresini azaltmak
icin Genetik Algoritma kullanan bir o6znitelik secim yontemi &énermislerdir. Onerdikleri yontemi bircok
siniflandirici ile kullanarak yontemin basarisini daha once yapilan c¢alismalar ile karsilastirmislardir.
Karsilastirmalar sonucunda o6nerdikleri yontemin yiiksek dogruluk ve diisiik ¢alisma zamani elde ederek
dogrulamislardir [5]. Akyol meme kanseri tanisi i¢in yaptigi siniflandirma ¢alismasinda 6zyinelemeli 6znitelik
se¢cim yontemi kullanarak, elde ettigi 6znitelik kiimesini Rastgele Orman ve Lojistik Regresyon siniflandiricisinda
kullanmistir. Siniflandirma giivenilirligini test etmek icin kullandig1 5 kat ¢apraz dogrulama teknigi ile Rastgele
Orman simiflandiricinin dogrulugunu %98 olarak élgmiistiir [6]. Atas ve ark., Alzheimer hastaligini erken teshisi
icin yaptiklari calismada 6znitelik se¢cimi olarak Degisken Komsuluk Arama ydntemini ve siniflandirici olarak DVM
kullanmislardir. Alzhemier teshisinde bu iki model kullanildiginda, benzer ¢alismalara gore daha iyi sonug verdigi
testler sonucu anlasilmistir [7]. Kaya ve ark., dil tamima iizerinde yaptiklarn bir ¢calismada UTF-8 degerlerini
karsilastirarak ikili driintiiler elde etmeye dayanan ve bunlar1 kullanarak dili taniyan yeni bir 6znitelik se¢cme
yontemi énermislerdir. Onerilen bu yéntem Almanca, Fransizca, Ingilizce ve Tiirkce dillerinde Yapay Sinir Aglar
(YSA) kullanarak siniflandirma basarisi test edilmistir. Testler sonucunda %99 ve %89 dogruluk ile siniflandirma
yapmay1 basarmislardir [8].

Bu c¢alismada 6 farkl dile ait farkli boyutlardaki veri setleri tizerinde istatistiksel yontem, makine 6grenmesi,
langdetect ve fasttext yontemleri kullanilarak kisa metinler dillerine gore siiflandirilmistir. Makine 6grenmesi
yontemleri kullanilarak yapilan siniflandirmalarda farkli 6znitelik secme yontemleri uygulanmistir.

2. Yontemler
2.1. Simiflandirma Yontemleri
2.1.1. Naive Bayes Siniflandirici

Daha dnceden sinif etiketleri bilinen veri seti kullanilarak 6grenme modeli olusturma temeline dayanan bu model
Bayes teoriminden esinlenerek gelistirilmistir [9]. Bu yaklasimda farkli hesaplama dagilimlan
kullanilabilmektedir. Genellikle belge siniflandirmasinda kullanilan ve multinom dagilimina dayanan model
Multinominal Naive Bayes (M-NB) olarak bilinir. M-NB gibi ¢calisan ancak Bernoilli dagilimina dayanan model ise
Bernoilli Naive Bayes (B-NB) olarak bilinir. Bu iki yontem arasindaki diger bir fark B-NB ikili terim
ozniteliklerinden faydalanirken, M-NB terim frekanslarini kullanmaktadir. Her bir sinifla iligkili olan siirekli
degerlerin Gauss dagilimina gore dagitilmasina dayanan model ise Gaussian Naive Bayes (G-NB) olarak bilinir.
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2.1.2. Karar Agaclar

Siniflandirma ve regresyon calismalarinda kullanilan aga¢ tabanli bir algoritmadir. Denetimli bir 6grenme
metoduna dayanan bu yontemde amag, veri 6zelliklerinden ¢ikarilan basit karar kurallarini 6grenerek bir hedef
degiskenin degerini tahmin eden bir model olusturmaktir. Tahmin kuralinin olusturulmasi “bél ve yonet”
yaklasimi yinelemeli bir sekilde béliimlere ayirarak gergeklesir [10].

2.1.3. K-En Yakin Komsu

Fix tarafindan 1951'de gelistirilen [11] ve Cover ve Hart tarafindan iyilestirilen bu modelde sinif tahmini yapmak
icin bagimsiz degiskenlerden olusan vektore en yakin olan komsularin uzaklik derecesine bakilir [12]. Hem
siniflandirma hem de regresyon i¢in kullanilabilir [13].

2.1.4. Destek Vektor Makinesi

ik fikir olarak 1960’ yillarda temeli atilan ve 1970’ li yillara kadar gelistirilerek devam eden Destek Vektor
Makineleri (DVM) asil basarisina 1990l yillarda ulagsmistir. Cortes ve Vapnik’ in ¢alismalari ile popiiler hale gelen
bu model siniflandirma ve regresyon analizi i¢in verileri analiz eden denetimli bir modeldir [14]. Egitim ve sinif
verisi ¢ok oldugu durumlarda genellikle model olusturma stiresi fazladir [15].

2.1.5. Langdetect

Python a¢ik kaynak kitaplig1 langdetect [16], baslangi¢ta dil tanimlamasi i¢in agik koynak kodlu bir Java kitaplig
olarak gelistirilmistir. Karakter n-gram 6zelliklerine sahip saf bir Bayes algoritmasi kullanir.

2.1.6. Fasttext

Hizl ve etkili siniflandirma yéntemi olan fasttext, Facebook ¢alisma grubu tarafindan gelistirilmistir. Word2Vec
yontemine dayanan bu model de kelimeler n-gramlar seklinde ifade edilir. Word2Vec gibi yontemlerde her kelime
bir vektore doniistiiriiliirken, fastext ile n-gramlar vektore donitistiiriiliir. Yapisinda ¢ok fazla kelime barindiran ve
seyrek kelimelerin ¢ok oldugu dillerde n-gramlar ile calismayan yontemler basarisiz olmaktadir. Fastext ile bu
problem giderilmistir [17].

2.1.7. Kelime Tabanl: istatistiksel Yontem

Paulsen ve Martino’ nun yaptiklar1 patent ¢calismasina goére bu yontemde her dil icin bir kelime tablosu tutulur.
Kelime tablolarinda ilgili dille ilgili en sik gecen etkisiz kelimeler (stopwords) kullanilir. Bir metnin ait oldugu dil
belirlenirken metindeki her kelime tiim kelime tablolarinda aranir ve hangi dilin kelime tablosunda bulunursa o
kelime tablosuna ait saya¢ degiskeninin degeri arttirilir. Béylece hangi dilin kelime tablosuna ait sayac¢ degeri daha
yliksek ise metin o dile ait olacaktir [18].

Bu ¢alismada dillere ait her bir kelime tablosu 256 kelimeden olusmaktadir. 256 kelime olmasinin sebebi daha
sonraki yapilacak olan metin sikistirma ¢alismasinda dillere ait tablolarin sikistirma i¢in kullanilacak olmasidir.

2.2. Kullanilan Oznitelik Secme Yéntemleri

2.2.1. TF-IDF

TF-IDF (Terim Frekansi - Ters Dokiiman Frekansi), bir terimin/kelimenin dokiimanlar icerisindeki énemini
gosteren istatistiksel yontemler ile hesaplanan bir agirlik faktoridiir. TF ile metin dokiimanlari igerisindeki bir
kelimenin tiim dokiimanlarda ge¢me sikligini verirken, IDF ise bir kelimenin hangi dokiimanlarda gectigi bilgisini

verir [19]. Bu yontem ile terim agirliklandirma islemleri yapilarak 6nemli 6znitelikler belirlenir. TF-IDF’ ye ait
matematiksel formiil asagidaki gibidir.

D
Wrp_ipr = TF (£, dy) * log (m) (D

D: Toplam dokiiman sayis1
d(ti): ti terimin gectigi toplam dokiiman sayisi
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2.2.2. Ki-Kare

Bu yontem ile Ki-Kare istatistiksel kriteri kullanilarak hedef degiskenle en belirgin iliskisi olan 6zniteliklerin
belirlenmesi saglanir. Ki-Kare yontemine ait formiiller asagidaki gibidir [20].

Chi2(t,C) = Z Z (N“E_—E“) (2)
t,C

t€{0,1} CE(0,1}
M
Chi2(t) = Z P(C,) * Chi2(t, C) 3)
i=1

P(Ci): Sinif olasilig1.
N: t teriminin C sifi i¢in gozlenen frekansu.
E: t teriminin C sinifi i¢cin beklenen frekansi.

2.2.3. SelectFromModel-Lojistik Regresyon Yoéntemi

Python paketi olan SelectFromModel [21], belirli bir esik fonksiyonu (threshold) parametresi ile karsilastirilan
oznitelikler kaldirilarak oznitelik secimi gerceklestirilir [22]. Bu model ile Lojistik Regresyon (LR) gibi
modellerden iiretilen tahminler parametre olarak kullamilarak énemli 6znitelikler belirlenebilir. Ozellikler
arasindaki iliski aciklamak icin kullanmilan LR, simnif etiketleri 0 ve 1 seklinde verilen ve ikili siiflandirma
problemlerinde kullanilan istatistiksel bir modeldir [23]. LR analizinde amag, bagimli ve bagimsiz degiskenler
arasindaki iliski veya iliskileri, en az degisken ile en iyi uyuma sahip olacak sekilde tanimlamaktir [24].

2.3. Yontemlerin Uygulanmasi

Yapilan tiim siiflandirma ve 6znitelik se¢cme yontemleri python programlama dili kullanilarak uygulanmistir.
Kelime Tabanh istatistiksel Yontem (KTIY) Paulsen ve Martino’ nun patent ¢alismasindan esinlenerek python
programlama dili ile kodlanmistir. langdetect icin langdetect paketi ile “detect()” metotu ve fasttext icin fasttext
paketi ile “fasttext.load_model()” ve “predict()” metotlar: kullanilmistur.

Oznitelik cikarma, secme ve makine 6grenmesi yontemleri sklearn paketindeki asagidaki metotlar kullanilarak
yapilmistir.

Oznitelik citkarma ve vektére doniistiirme — CountVectorizer(), TfidfVectorizer()

Oznitelik secme - TfidfVectorizer(max_features), SelectKBest(chi2, max_features),
SelectFromModel(estimator=LogisticRegression, max_features)

Makine 6grenmesi ile siniflandirma — GaussianNB(), BernoulliNB(), MultinomialNB(), DecisionTreeClassifier(),
RandomForestClassifier(), SVC().

Makine 6grenmesi ile siniflandirma yontemlerinin tamami varsayilan parametreleri ile kullanilmistir.
2.4.Veri Setleri

Wikipedia makale 6zetlerinden olusan 6 farkl dile ait 2 farkl boyuttaki kisa metinlerden olusan veri setleri hem
test verisi hem de 6grenme verisi olarak kullanilmistir. A veri seti grubunda kullanilan kisa metinlerin (makale
0zeti) boyutu 0,2 KB’tan kiiciik degisik uzunluktaki karakter sayisindan olusmaktadir. A veri seti grubu icerdigi
ozetler bakimindan tamamen farkli A1 ve A2 veri setinden olusmaktadir. Ogrenme (model kurma) icin kullanilan
A1 veri seti 6.000 kisa metinden ve toplam 765 KB dosya boyutundan olugsmaktadir. Kisa metinlerin dillerinin
belirlenmesi (test) i¢in kullanilan A2 veri seti ise 24.000 kisa metinden ve toplam 3 MB dosya boyutundan
olusmaktadir.

B veri seti grubunda kullanilan 6zetlerin boyutu ise 0,2 KB ile 0,5 KB arasinda degisik uzunluktaki karakter
sayisindan olusmaktadir. B veri seti grubu icerdigi 6zetler bakimindan tamamen farkli B1 ve B2 veri setinden
olusmaktadir. Ogrenme icin kullanilan B1 veri seti 6.000 kisa metinden ve toplam 1,98 MB dosya boyutundan
olusmaktadir. Kisa metinlerin dillerinin belirlenmesi icin kullanilan B2 veri seti ise 24.000 kisa metinden ve
toplam 7,92 MB dosya boyutundan olusmaktadir.
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2.5.Veri Onislem Asamalari

Metinler iizerinde makine 6grenmesi yontemlerinin uygulanabilmesi i¢in farkli 6nislem asamalarinda ge¢mesi
gerekmektedir. Ozellikle metinler iizerinde dogrudan makine 6grenmesi yéntemleri uygulanamayacagindan
verilerin sayisallastirilmasi gerekmektedir. Baska bir deyisle metinlerin vektér uzayinda ifade edilmelidir.

Makine Ogrenmesi i¢in Onislem asamalar1 genel hatlan ile asagidaki adimlardan olusmaktadir. Ancak bu
yontemlerin yapilacak ¢alismaya bagli olarak bazilar1 kullanilmayabilir.
e Kkiiciik/bliyiik harf doniistim{,
noktalama isaretlerinin kaldirilmasi,
etkisiz kelimelerin silinmesi (remove stopwords),
kelime koklerinin ¢ikarilmasi (stemming),
oznitelik ¢ikarim,
oznitelik se¢imi.

Istatistiksel yontemlerde yapilacak 6nislem asamalar makine 6grenmesi yontemleri gibi karmasik olamamakla
beraber, etkisiz kelimelerin kullanilmasi belirleyici 6znitelikler olmaktadir. Bu anlamda Kelime Tabanh
Istatistiksel Yontem (KTIY), langdetect ve fasttext kullanilarak yapilan siniflandirma kiigiik/biiyiik harf déntisiimii
ve noktalama isaretlerinin kaldirilmasi disinda herhangi bir 6nislem adimi uygulanmamaistir.

2.6. Testlerin Degerlendirilmesi

Yontemlerin siniflandirma basarisini 6l¢mek icin dogruluk, duyarlilik, kesinlik F1 skoru ve jaccard skoru degerleri,
sklearn.metrics paketindeki ilgili fonksiyonlar kullanilarak elde edilmistir. Yontemlerin islem siireleri “Intel Core
i7 9750H 2.60 GHz" islemci, “16 GB” hafiza ve “Windows 10 Pro 64-bit” isletim sistemi kullanan bir bilgisayar ile
Olciilmistir.

2.6.1. Dogruluk, Kesinlik, Duyarlilik, F1 Skoru ve Jaccard Skoru

Siniflandirma performansini 6lgmek icin kullanilan Dogruluk, Kesinlik, Duyarlilik ve F1 Skoru dort temel deger
tizerinden hesaplanirlar: Dogru Pozitif (DP), Dogru Negatif (DY), Yanlis Pozitif (YP) ve Yanlis Negatif (YN).

¢ Dogruluk: Dogru olarak tahmin edilen 6rneklerin sayisinin, veri kiimesinde bulunan tiim 6rneklerin
sayisina boliinerek hesaplanir.

DP + DN
DP+DN+YP+YN

dogruluk = (4)

¢ Kesinlik: Dogru Pozitif olarak tahmin edilen drneklerin sayisinin, tiim pozitif 6rneklerin sayisina
boliinerek hesaplanir.

DP
o 5
kesinlik DPTYP (5)

¢ Duyarhlik: Dogru Pozitif olarak tahmin edilen érneklerin sayisinin hem Dogru Pozitif hem de Yanlis
Negatif 6rneklerin toplam sayisina béliinmesi ile hesaplanir:

duyarlik = —2% (6)
WAt = pp+ YN

¢ F1 Skoru: Duyarhlik ve Kesinlik degerlerinin harmonik ortalamasi ile hesaplanir.

F1 Sk ) Duyarlilik * Kesinlik 7
= *
ort Duyarlilik + Kesinlik (7)

¢ Jaccard Skoru: Jaccard indeksi veya Jaccard benzerlik katsayisi olarak da bilinen Jaccard skoru, kesisme
boyutunun iki etiket kiimesinin birlesiminin boyutuna béliinmesi olarak tanimlanir ve asagidaki gibi
hesaplanabilir [25]. Baska bir ifade ile jaccard skoru Dogru Pozitif 6rneklerin sayisinin, Dogru Negatif
disindaki (DP, YP, YN) tiim 6rneklerin sayisinin toplamina béliinmesi ile hesaplanabilir.
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Jaccard Skoru(d1,d2) = w (8)
’ dl u d2
DpP
]accard Skoru = m [9)

3. Test Sonuglar
3.1. A Veri Seti Grubu Testleri

Tablo 1'de 6.000 6zet iceren Al egitim veri setinin farkli 6znitelik se¢me teknikleri ve 10-Kat ¢apraz dogrulama
kullanilarak makine 6grenmesi yontemleri ile siniflandirilmasi sonucu elde edilen performans degerleri
verilmistir. Yapilan 3 degerlendirmede de kullanilan 4.153 06znitelik sayis1 SelectFromModel-LR tarafindan
belirlenen en 6nemli 6zniteliklerdir. Elde edilen performans degerleri incelendiginde veri setinin uygunlugu
ylksek dogruluk degerleri ile dogrulanmistir. En yiiksek dogruluk %99,92 degeri 6znitelik secimi olarak
SelectFromModel-LR, siniflandirma yontemi olarak ise M-NB kullanildiginda elde edilmistir. Ayrica her ii¢
oznitelik se¢cim tekniginde M-NB en iyi siniflandirmay1 yapmistir. Makine 6grenmesi yontemleri i¢cin en uygun
oznitelik se¢cim teknigi degerlendirildiginde en uyumlu ikililerin M-NB - SelectFromModel, B-NB -
SelectFromModel, G-NB - Ki-Kare, KA - Ki-Kare, RO - Ki-Kare, KNN - Ki-Kare, DVM - TF-IDF seklinde oldugu
anlasilmaktadir. KNN siniflandirma yontemi ile beraber TF-IDF 6znitelik se¢cim teknigi uygulandiginda en diisiik
dogruluk degerine ulasiimistir.

Tablo 1. A1l veri setinin siniflandirilmasinda SelectFromModel-LR, Ki-Kare, TF-IDF ile 6znitelik secimi ve 10-Kat
capraz dogrulama teknigi uygulanarak elde edilen performans degerleri
SelectFromModel-LR

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 99,92% 99,67% 99,75% 98,45% 99,73% 94,57% 99,57%
F1 Skoru 99,91% 99,66% 99,75% 98,44% 99,74% 94,73% 99,57%
Duyarhhk 99,91% 99,65% 99,75% 98,42% 99,73% 94,55% 99,56%
Kesinlik 99,92% 99,67% 99,75% 98,48% 99,74% 95,65% 99,58%
Jaccard Skoru 99,83% 99,32% 99,50% 96,94% 99,48% 90,26% 99,14%

Ki-Kare

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 99,87% 99,60% 99,80% 98,63% 99,77% 95,35% 99,70%
F1 Skoru 99,87% 99,59% 99,80% 98,63% 99,77% 95,49% 99,70%
Duyarhhk 99,87% 99,58% 99,80% 98,61% 99,76% 95,35% 99,69%
Kesinlik 99,87% 99,61% 99,79% 98,67% 99,78% 96,17% 99,71%
Jaccard Skoru 99,73% 99,19% 99,60% 97,31% 99,54% 91,59% 99,40%

TF-IDF

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 99,87% 99,62% 98,45% 98,28% 99,72% 72,40% 99,85%
F1 Skoru 99,87% 99,61% 98,43% 98,27% 99,72% 74,44% 99,85%
Duyarhhk 99,87% 99,60% 98,43% 98,26% 99,72% 72,34% 99,85%
Kesinlik 99,86% 99,62% 98,45% 98,30% 99,72% 90,23% 99,85%
Jaccard Skoru 99,73% 99,23% 96,92% 96,62% 99,44% 62,56% 99,70%

Makine oOgrenmesi yontemlerinde kullanilan 6znitelik sayis1 hem smiflandirma performansini hem de
siniflandirma stiresini dogrudan etkilemektedir. Bu calismada yapilan siniflandirma dil tanimaya ydnelik
oldugundan veri setine ait 6zniteliklerin tamami kullanilmadan bile yiiksek dogruluk degeri ile siniflandirma
yapilabilecegi dngoriillmektedir.

Tablo 2’de 24.000 o6zet iceren A2 test veri setinde bulunan dzetlerin, Al veri seti ile kurulan modele gore
yazildiklar1 dillerin tahmin edilmesine yonelik makine 6grenmesi ile farkli 6znitelik sayisi kullanilarak edilen
performans degerleri verilmistir. Oznitelik secim teknigi olarak SelectFromModel-LR ile olusan hem 4.153
belirleyici 6znitelik hem de bunlar arasindaki en belirleyici 25 6znitelik kullanilarak elde edilen performans
degerlerine gore en yiiksek dogruluk degeri 4.153 6znitelik sayisi ile M-NB kullanildiginda elde edilmistir. En
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diisiik dogruluk degeri ise 4.153 oOznitelik sayisi ile KNN oldugu goriilmektedir. B-NB, KA, KNN ve DVM
siniflandirma yontemlerinde 25 6znitelik kullanildiginda daha yiiksek dogruluk degerleri elde edilmistir. Metin
siniflandirma problemlerinin en 6nemli ve en zor asamasi olan en uygun 6zniteliklerin belirlenmesidir. Bu
anlamda dil tanima problemlerinde 6zniteliklerin sadece bir kismi kullanilarak bile yliksek dogruluk degeri ile
siniflandirma yapilabilecegi anlasilmistir.

Tablo 2. Oznitelik secimi olarak SelectFromModel-LR, model kurmak icin (6grenme) A1 kullamlarak A2 veri

setindeki dzetlerin dillerinin belirlenmesinde edilen performans degerleri

SelectFromModel-LR- 4.153 Oznitelik

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 99,71% 91,45% 99,13% 96,67% 98,09% 86,80% 97,34%
F1 Skoru 99,71% 90,64% 99,12% 96,65% 98,07% 86,91% 97,30%
Duyarhhik 99,71% 93,63% 99,13% 96,79% 98,18% 92,22% 97,55%
Kesinlik 99,71% 91,45% 99,13% 96,67% 98,09% 86,80% 97,34%
Jaccard Skoru 99,42% 85,08% 98,26% 93,57% 96,27% 79,08% 94,89%

SelectFromModel-LR- 25 Oznitelik

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 97,90% 95,30% 95,67% 97,23% 97,98% 95,60% 97,35%
F1 Skoru 97,90% 95,21% 95,67% 97,24% 97,99% 95,63% 97,37%
Duyarhhk 97,99% 95,73% 95,90% 97,33% 98,05% 95,95% 97,54%
Kesinlik 97,90% 95,30% 95,67% 97,23% 97,98% 95,60% 97,35%
Jaccard Skoru 95,91% 91,09% 91,70% 94,66% 96,07% 91,66% 94,93%

Sekil 1’de makine 6grenmesi yontemlerinin A1l veri seti ile olusturulan modele gore A2 veri setine ait 6zetleri
dillerine gore siniflandirma siireleri saniye tiiriinden verilmistir. Siniflandirma islemi SelectFromModel-LR
Oznitelik secimi ile elde edilen hem 4.153 hem de 25 6znitelik kullanilarak iki farkli sekilde yapilmistir. Buna gore
en hizli siniflandirma yonteminin M-NB, en yavas siniflandirma yonteminin ise RO oldugu goriilmektedir. Ayrica
daha az 6znitelik kullanilarak daha hizl simiflandirma yapilabilecegi Sekil 1'den agik¢a anlasilmaktadir.
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Sekil 1. A2 veri setinin makine 6grenmesi yontemleri ile farkli 6znitelik sayisindaki siniflandirma siireleri (sn)

Tablo 3’te A2 veri setinin fasttext, KTIY ve langdetect ile stmiflandirilmasi sonucu elde edilen performans degerleri
ve siniflandirma siireleri verilmistir. Buna gore %99,79 dogruluk degeri ile en iyi siniflandirma fasttext yontemi
ile olurken, %96,79 dogruluk degeri ile en diisiik simflandirmay1 yapan yontem KTIY olmustur. Ancak KTiY ile
yapilan siniflandirmanin fasttext’ e gore daha hizli olugu anlasilmaktadir. fasttext yontemi ile yapilan
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siniflandirmanin, Tablo 2’ de verilen makine 6grenmesi yontemlerinden hem siire hem de dogruluk orani
bakimindan en iyi siniflandirmay1 yapan M-NB’ den daha iyi oldugu goriilmektedir.

Tablo 3. A2 veri setinin fasttext, KTIY ve langdetect ile siniflandirma performans degerleri ve siireleri

fasttext KTiY langdetect
Dogruluk 99,79% 96,99% 99,66%
F1 Skoru 99,79% 97,00% 99,66%
Duyarhhk 99,79% 97,13% 99,66%
Kesinlik 99,79% 96,99% 99,66%
Jaccard Skoru 99,58% 94,21% 99,33%
Siire (sn) 1,58 0,97 151,49

3.2. B Veri Seti Grubu Testleri

Tablo 4'te 6.000 6zet iceren B1 egitim veri setinin farkli 6znitelik segme teknikleri ve 10-Kat ¢apraz dogrulama
kullanilarak makine 6grenmesi yontemleri ile siniflandirilmasi sonucu elde edilen performans degerleri
verilmistir. SelectFromModel-LR kullanilarak elde edilen 6znitelik sayis1 10.100’ diir. Ancak A veri seti grubu ile
yapilacak karsilastirmanin daha adil olmasi i¢in en degerli 4.153 6znitelik kullanilmistir. Elde edilen performans
degerleri incelendiginde veri setinin uygunlugu yiiksek dogruluk degerleri ile dogrulanmistir. En yiiksek dogruluk
degeri olan %99,99, 6znitelik secimi olarak SelectFromModel-LR, siniflandirma yontemi olarak ise B-NB
kullanildiginda elde edilmistir. Diger 6znitelik secim teknikleri ile yapilan siniflandirmalarda M-NB ile B-NB
arasinda anlamli bir fark olusmadig1 goriilmektedir. Kullanilan veri seti icin makine 6grenmesi yontemleri ile
uyumlu 6znitelik se¢im teknikleri degerlendirildiginde en uyumlu ikililerin B-NB - SelectFromModel-LR, G-NB -
Ki-Kare, KA - SelectFromModel-LR, RO - Ki-Kare, KNN - Ki-Kare, DVM - (Ki-Kare ve TF-IDF) seklinde oldugu
anlasilmaktadir. Siniflandirma yontemi olarak KNN ve 6znitelik secim teknigi olarak Ki-Kare kullanildiginda en
diisiik performans degeri elde edildigi ayrica anlasilmaktadir.

Tablo 4. B1 veri seti LR, Ki-Kare, TF-IDF ile 6znitelik se¢cimi ve 10-Kat ¢apraz dogrulama teknigi uygulanarak
elde edilen performans degerleri

SelectFromModel-LR

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 99,98% 99,99% 99,72% 98,67% 99,97% 99,52% 99,90%
F1 Skoru 99,98% 99,99% 99,72% 98,67% 99,97% 99,52% 99,90%
Duyarhhk 99,98% 99,99% 99,71% 98,66% 99,96% 99,51% 99,89%
Kesinlik 99,98% 99,99% 99,72% 98,69% 99,97% 99,53% 99,91%
Jaccard Skoru 99,97% 99,98% 99,44% 97,38% 99,93% 99,04% 99,80%

Ki-Kare

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 99,98% 99,98% 99,93% 98,62% 99,93% 95,70% 99,93%
F1 Skoru 99,98% 99,98% 99,93% 98,62% 99,93% 95,80% 99,93%
Duyarhhk 99,98% 99,98% 99,93% 98,61% 99,93% 95,70% 99,93%
Kesinlik 99,98% 99,98% 99,94% 98,65% 99,94% 96,37% 99,94%
Jaccard Skoru 99,97% 99,97% 99,87% 97,29% 99,87% 92,11% 99,87%

TF-IDF

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 99,98% 99,98% 98,80% 98,57% 99,95% 98,37% 99,93%
F1 Skoru 99,98% 99,98% 98,80% 98,56% 99,95% 98,36% 99,93%
Duyarhhk 99,98% 99,98% 98,80% 98,54% 99,95% 98,35% 99,93%
Kesinlik 99,98% 99,98% 98,81% 98,60% 99,95% 98,41% 99,94%
Jaccard Skoru 99,97% 99,97% 97,65% 97,18% 99,90% 96,79% 99,87%

Tablo 5'te 24.000 6zet iceren B2 test veri setinde bulunan dzetlerin, B1 veri seti ile kurulan modele gore
yazildiklar1 dillerin tahmin edilmesine yonelik makine 6grenmesi ile farkli 6znitelik sayisi kullanilarak edilen
performans degerleri verilmistir. Oznitelik secim teknigi olarak SelectFromModel-LR ile olusan hem 4.153 en
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onemli 6znitelik hem de bunlar arasindaki en 6nemli 25 6znitelik kullanilarak elde edilen performans degerlerine
gore en yiiksek dogruluk degeri 4.153 6znitelik sayisi ile B-NB kullanildiginda elde edilmistir. Ayrica en diisiik
dogruluk degeri 25 6znitelik sayisi ile KNN oldugu goériilmektedir. KA en yiiksek dogruluk degerini 25 6znitelik
sayisinda verirken diger yontemler 4.153 6znitelik sayisi ile daha yiiksek dogruluk degerleri vermistir. Bu veri
setinde de sadece 25 6znitelik kullanilarak metinlerin dillerinin yiiksek dogruluk degeri ile belirlenebilecegi
anlasilmistir.

Tablo 5. B1 veri seti ile kurulan modele gére B2 veri setinin siniflandirilmasi
SelectFromModel-LR- 4.153 Oznitelik

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 99,97% 99,98% 99,77% 98,71% 99,98% 99,44% 99,93%
F1 Skoru 99,97% 99,98% 99,77% 98,71% 99,97% 99,44% 99,93%
Duyarhhik 99,97% 99,98% 99,77% 98,71% 99,98% 99,44% 99,93%
Kesinlik 99,97% 99,98% 99,77% 98,71% 99,98% 99,44% 99,93%
Jaccard Skoru 99,95% 99,96% 99,54% 97,46% 99,95% 98,88% 99,86%

SelectFromModel-LR- 25 Oznitelik

M-NB B-NB G-NB KA RO KNN DVM
Dogruluk 99,60% 99,64% 98,90% 98,85% 99,63% 98,10% 99,54%
F1 Skoru 99,60% 99,64% 98,89% 98,85% 99,63% 98,10% 99,54%
Duyarhhk 99,61% 99,64% 98,90% 98,85% 99,63% 98,18% 99,54%
Kesinlik 99,60% 99,64% 98,90% 98,85% 99,63% 98,10% 99,54%
Jaccard Skoru 99,21% 99,28% 97,82% 97,72% 99,27% 96,30% 99,08%

Sekil 2’ de makine 6grenmesi yontemlerinin B1 veri seti ile olusturulan modele gore B2 veri setine ait 6zetleri
dillerine gore siniflandirma siireleri saniye tiiriinden verilmistir. Siniflandirma islemi SelectFromModel-LR
Oznitelik secimi ile elde edilen hem 4.153 hem de 25 6znitelik kullanilarak iki farkli sekilde yapilmistir. Bu veri
setinde kullanilan dzetlerin boyutu A veri seti grubundakilerden daha biiyiik olmasina ragmen Sekil1’deki gibi
benzer siiflandirma siireleri olusmasi kullanilan 6znitelik sayisi ile a¢iklanabilir.
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Sekil 2. B2 veri setinin makine 6grenmesi yontemleri ile farkli 6znitelik sayisindaki siniflandirma stireleri (sn)

Tablo 6’da B2 veri setinin fasttext, KTIY ve langdetect ile simiflandirilmasi sonucu elde edilen performans degerleri
ve siniflandirma siireleri verilmistir. Buna gore %99,99 dogruluk degeri ile en iyi siniflandirma fasttext yontemi
ile olurken, %99,93 dogruluk degeri ile en diisiik siniflandirmay1 yapan yontem KTIY olmustur. Bu veri setinde de
KTIY ile yapilan simflandirmanin fasttext’ e gore daha hizh olugu anlasilmaktadir. fasttext yéntemi ile yapilan
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siniflandirmanin, Tablo 4’te verilen makine 6grenmesi yontemlerinden en hizli olan M-NB’ den, dogruluk
bakimindan en iyi siniflandirmay1 yapan B-NB’ den daha iyi oldugu gortilmektedir.

Tablo 6. A2 veri setinin fasttext, KTIY ve langdetect ile stniflandirma performans degerleri ve siireleri

fasttext KTiY langdetect
Dogruluk 99,99% 99,93% 99,97%
F1 Skoru 99,99% 99,93% 99,97%
Duyarhhk 99,99% 99,93% 99,97%
Kesinlik 99,99% 99,93% 99,97%
Jaccard Skoru 99,98% 99,86% 99,94%
Siire (sn) 2,95 1,68 179,16

4. Sonuclar

Bu calismada A1, A2, B1 ve B2 veri setleri kullanilarak dil tanimaya yonelik farkl siniflandirma yontemleri
kullanilarak siniflandirma ¢alismasi yapilmistir. Makine 6grenmesi ile yapilan siniflandirmalarda A1l ve B1 veri
setleri kullanilarak bir model olusturulmus ve kurulan modellerin uygunlugu test edilmistir. Yapilan testler
sonucunda 0,2 KB’tan kiiciik ve 0,2 KB - 0,5 KB aras1 kisa metinleri iceren sirasi ile A1 ve B1 veri seti icin farkh
oznitelik secim teknikleri uygulanarak ve 10-kat ¢apraz dogrulama yapilarak model gecerliligi dogrulanmistur.
Makine 6grenmesi yontemlerinin siniflandirma basarilari kullanilan kisa metinlerin biiyiikligiine, 6znitelik se¢cim
teknigi ve sayisina gore degistigi goriilmiistiir. 0,2 KB ve daha kii¢iik kisa metinler i¢in makine 6grenmesi ile
yapilacak siniflandirmalarda M-NB ve B-NB ile SelectFromModel-LR, G-NB, KA, RO ve KNN ile Ki-Kare, DVM ile TF-
IDF 6znitelik secim tekniginin kullanilmasi ile daha yiiksek dogruluk degerleri elde edilmistir. Boyutu 0,2 KB ve
0,5 KB arasinda degisen kisa metinlerde ise tiim yontemler ile SelectFromModel-LR 6znitelik se¢im teknigi ile en
yliksek dogruluk degerleri olustugundan bu boyuttaki kisa metinlerin siniflandirilmasinda SelectFromModel-LR
se¢im tekniginin kullanilmasinin daha uygun oldugu anlasilmistir. Yapilan testlere gore 6znitelik sayisinin fazla
olmasi daha yiiksek dogruluk ile siniflandirma yapilacagi garantisini vermedigini géstermektedir. 0,2 KB’den
kiiciik metinlerde KNN, B-NB, KA ve DVM, 0,2-0,5 KB arasindaki kisa metinlerde ise KA 25 6znitelik kullanildiginda
4.153 oOznitelik kullanildig1 duruma gore daha yiiksek dogruluk degeri ile siniflandirma yapilabilmistir. Makine
O6grenmesi yontemlerinde hem 4.153 hem de 25 dznitelik sayisi ile yapilan siniflandirmalara gore 0,2 KB’'den
kiiciik metinlerde M-NB, 0,2-0,5 KB arasi metinlerde ise B-NB kullanilmasinin daha uygun oldugu anlasilmistir.
Esit sayida 6zeticeren hem 0,2 KB hem de 0,2-0,5 KB arasi veri seti gruplarinda makine 6grenmesi yontemlerinde
esit sayida Oznitelik kullanilarak yapilan test sonuclarinda goére benzer siniflandirma siireleri olusmustur. Bu
durum kullanilan 6znitelik sayisinin siniflandirma siiresinde belirleyici bir etken oldugunu a¢iklamaktadir. Makine
6grenmesi yontemleri ile sadece 25 6znitelik kullanildiginda bile KT1Y’ nin hem A2 veri setini hem de B2 veri setini
dillerine gére ¢cok daha hizh bir sekilde ayirdig yapilan testler ile dogrulanmustir. KTIY tiim yéntemler arasinda en
hizli yontem olurken 0,2 KB ve daha kii¢iik boyuttaki kisa metinleri siniflandirma basarisy, 0,2-0,5 KB arasindaki
boyutlardan olusan kisa metinleri siniflandirma basarisindan daha diisiik oldugu gorilmiistiir. Diger tiim
siniflandirma yontemlerinin 02-05 KB boyuttaki kisa metinleri siniflandirma basarilar1 daha yiiksek olmustur.
Tiim kullanilan siniflandirma yéntemleri arasinda en yiiksek dogruluk degeri ile siniflandirma yapan yonteminin
fasttext oldugu yapilan testler sonucunda anlasilmistir.
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Abstract: Epileptic seizures are currently one of the leading reasons for morbidity
and mortality in the world. With the rise of epileptic seizures around the world and
their effect on people's lives, it's more important than ever to get an accurate and
timely diagnosis. These days, machine learning techniques are utilized to forecast or
diagnose various life-threatening diseases such as epilepsy, cancer, diabetes, heart
disease, thyroid, and so on. Early detection and treatment of diseases such as
epilepsy will save a person's life. The fundamental goal of this work is to find the
best classification algorithm for epileptic seizures by applying the Principal
Components Analysis feature reduction technique in the dataset. In this paper, we
applied K-Nearest Neighbors, Random Forest, Support Vector Machine, Artificial
Neural Network, and Decision Tree algorithms by using the Principal Components
Analysis feature reduction technique in the dataset to predict epilepsy, and the
performance of classifiers are analyzed with using Principal Components Analysis
and without using the Principal Components Analysis technique. The models used
in this analysis have various degrees of accuracy. This study indicates that the used
model can accurately predict epilepsy. Our findings indicate that using Principal
Components Analysis feature reduction in the dataset, the Random Forest, classifier
with 97 % accuracy and low computational times (training and testing time)
produces the best results. Also, the K-Nearest Neighbors and Random Forest with
99 % accuracy without using Principal Components Analysis feature reduction in
the dataset shows the best result compared to other machine learning techniques.

1. Introduction

Seizure, which is, exactly known as an epileptic seizure, is a transient neurological disorder of the brain that can
be triggered by a sudden over-activity of nerve cells in the brain [1]. It is a widespread neurological condition that
affects people of all ages [2]. One percent of people around the world suffer from this disease [3].

There are many causes of epilepsy, including vascular, brain infections, brain tumors, nutritional deficiencies,
pyridoxine deficiency, and calcium metabolism disorders. To accurately diagnose epilepsy, research is needed to
properly understand the mechanisms that cause epileptic disorders.

Magnetic resonance imaging (MRI), computed tomography (CT) scan, positron emission tomography (PET),
ultrasound, and electroencephalogram (EEG) diagnostic tools are available. However, MRI, CT scan, and
Ultrasound are expensive and can't be used for long-term detection. On the other hand, EEG, is a low-cost test, that
can be used for long-term detection. As a result, EEG is the most effective method for diagnosing epilepsy [4].

1 Atatiirk University, Department of Computer Engineering, 25240, Erzurum, Tiirkiye
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The EEG provides a wealth of physiological and pathological data that is useful in the treatment of epilepsy cases,
such as assessing the epileptogenic zone for presurgical assessments [5]. Currently, EEG diagnosis focuses on
neurologists physically inspecting EEG recordings. The visual scoring of long-term EEG is time-consuming and
boring. As a result, the automatic recognition technology is helpful to neurologists when analyzing EEG records or
informations.

Machine learning (ML), a sub-branch and cornerstone of artificial intelligence (Al), has made great strides over the
past two decades. ML uses mathematical and computer science concepts as well as algorithms to reveal the
underlying features of data and intrinsic connections. It is currently widely used in the field of disease diagnosis.
These days, machine learning techniques are utilized to forecast or diagnose various dangerous sicknesses such
as epilepsy, cancer, diabetes, heart disease, thyroid, and so on. Early detection and treatment of diseases such as
epilepsy will save a person's life.

But diagnosing possible seizures in advance is not an easy job. The majority seizures occur unexpectedly and
finding ways to diagnose feasible seizures before they occur, is a challenge for many researchers. The method
utilized in this article, will aid in determining whether or not somebody is having a seizure.

The fundamental goal of this work is to find the best classification algorithm for epileptic seizures by applying the
Principal Components Analysis (PCA) feature reduction technique in the dataset. In this paper, we applied K-
Nearest Neighbors (KNN), Random Forest (RF), Support Vector Machine (SVM), Artificial Neural Network (ANN),
and Decision Tree (DT) algorithms by using the PCA feature reduction technique in the dataset to predict epilepsy,
and the performance of classifiers are analyzed with using PCA and without using the PCA technique.

2. Related Works

This part of the paper is allocated to several scholars who have discussed issues relating to epileptic seizures and
have used machine learning methods to predict epileptic seizures. We discuss a number of recent studies on
epileptic seizure diagnosis using EEG signals.

In 2020 Almustafa has utilized various Machine learning techniques like RF, DT, K-NN, Naive Bayes, Logistic
Regression, Random Tree, ]48 and Stochastic Gradient Descent (S.G.D.) to the classification of the Epileptic Seizure
dataset and achieved 97.08% accuracy by using the Random Forest classifier [5].

In 2019 Nandy et al. used SVM classifier for classification Epileptic Seizure and for optimization of hyper-
parameters of SVM has used a Bayesian optimization algorithm. Furthermore, they used Linear Discriminant
Analysis (LDA) and Quadratic Linear Discriminant Analysis (QLDA) for comparison, in their paper, the SVM
classifier shows 97.05% accuracy [4].

In 2019 Usman et al. have used principal component analysis (PCA) for feature extraction and support vector
machines classifier to the classification of the Epileptic Seizure, the proposed model shows an average sensitivity
0f93.1% [6].

Hamad et al. have utilized the discrete wavelet transform (DWT) approach to extract features, then, these features
are employed to train the SVM with radial basis function (RBF) kernel function. In order to achieve an effective
EEG classification, the grey wolf optimizer (GWO) was employed to choose the important feature subset and the
appropriate SVM parameters [7].

In 2016 Sharmila & Geethanjali mainly used discrete wavelet transforms (DWT) to decompose EEG data into
separate sub-bands and then derive statistical features. The classifier is trained using the DWT-derived statistical
features. The signals are then classified using two classifiers to decide if they are epileptic or not. The KNN and
Naive Bayes classifiers are the two classifiers that are used in this study. This study compares the success of 14
different two-class epilepsy detection combinations. The results of the experiments showed that, in order to
diagnose epileptic seizures, The Naive Bayes classifier achieves the highest accuracy with less computing time for
most dataset combinations [8].

Swami et al. used dual-tree complex wavelet transform (DTCWT) for decomposition of signals and calculated

statistical measurements then all statistical measurements were trained using by general regression neural
network classifier, finally the model shows 95.24% accuracy [9].
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3. Material and Methods

The goal of our work is to find the best classification algorithm for epileptic seizures by applying the PCA feature
reduction technique in the dataset.

The phases will be discussed in the following sections. Figure 1. illustrates the overall flow chart of the suggested
model.

3.1. Dataset Description

The epileptic seizure dataset utilized in this paper is from Bonn University, which can be found on the UCI Machine
Repository website [10]. This dataset include five classes of 1 to 5, each of which is 100 signals with a length of
23.6 seconds, the Classes 5 and 4 were taken from five healthy human beings with open eyes and closed eyes. The
other three classes (3, 2, and 1) were recorded from five epileptic patients. The two classes 3 and 2 were recorded,
when there is no epileptic seizure, (the class 3 were recorded from pre-seizure hippocampal contralateral
hemisphere and the class 2, was obtained from epileptogenic region of patient.) And the class1 was recorded
during seizures.

All EEG signals are captured by a 128-channel system with a sampling rate of 173.61 Hz using a 12-bit analog-to-
digital converter. There are 11,500 samples in the dataset, each having 178 attributes, and they are regularly
distributed. All of the cases in classes 2, 3, 4, and 5 have never had an epileptic seizure. Only class 1 people
experienced epileptic seizures [10]. As a result, for epileptic seizure and non-epileptic seizure instances, our
analysis will be a binary structure, with classes 2,3,4,5. Table 1. displays the number of cases for each of the classes
utilized, and we can see that all of them have an equal number of samples. Figure 2. shows the epileptic seizure
dataset in a sample view.

B

Feature
Extraction
(PCA)

Classification
(KNN, RF, SVM,
ANN, DT)

Data
Splitting

Result and
Analyses

Figure 1. Proposed Model

Table 1. Dataset Description and number of cases in each class.

Classes The Class Description The Patient The Number Binary case
State of cases
. C . . . General epilepsy
1 Seizure activity is recorded from epileptic patients (with seizures) 2300 2300
Partial epilepsy
2 The tumor was observed in epileptic patients (without 2300
seizures)
The E.E.G. signal was recorded from a healthy brain Partlal_ epilepsy
3 . : . . (without 2300 9200
region of epileptic patients .
seizures)
4 eyes closed Healthy 2300
5 eyes opened Healthy 2300
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Figure 2. The epileptic seizure dataset in a sample view.
3.2. Data Preprocessing

One of the most critical and required stages in machine learning is data preparation. This technique is essential for
reliable, accurate, and successful prediction outcomes when using machine learning algorithms in a data set [11].
Data preparation is a methodology that includes turning raw and unprocessed data into a suitable format for the
classification process.

Data from the real world is frequently insufficient, untrustworthy, and/or lacking in specific behaviors or patterns,
as well as including various mistakes. Pre-processing data is a tried-and-true way to solve such issues. Raw data
is pre-processed to make it ready for subsequent processing.

In our dataset, there are no missing values (NAN). According to Table 1 we can observe that in the binary class,
there is an unbalanced class distribution issue; to avoid this, we employ under sampling approaches.

Under sampling is a term that refers to a series of strategies for balancing the class distribution in a classification
dataset with a skewed class distribution.

To standardize our dataset, we employed the Min-Max normalization technique. After normalization of the dataset
in the proposed methodology, we used 75 percent of the data for validation and training and 25 percent of data
for the testing.

3.3. Feature Extraction

The purpose of the feature extraction phase is to minimize the amount of attributes by creating new ones from the
dataset's current ones. Most of the information and features in the original dataset should be summarized by this
new reduced feature set. As a result of combining the original set, a concise version of the primary features can be
generated [12].

As we discussed earlier, there are 178 features in our data set, if we use all the features for training, the training

time will be very long, so in our study, to extract and reduce the features we, used Principal Components Analysis
(PCA).

3.3.1. Principal Components Analysis (PCA)

PCA is an information extraction approach that involves projecting data from a high-dimensional space onto a
lower-dimensional subspace. It seeks to maintain the data's key bits with the highest variance and delete the non-
essential sections with the least variance [13].

Our objective with PCA is to discover a collection of input characteristics that can best explain the distribution of
the original data by decreasing its original dimensions. PCA may achieve this by maximizing variances and
decreasing reconstruction error by monitoring fragmented distances. Our main data is projected onto a set of
orthogonal axes, with each axis rated in order of relevance in PCA.

PCA is an unsupervised learning method that is not interested in data labels and only cares about diversity [14].

When PCA is used, the majority of the variation in the data is concentrated in the first few components. As a
consequence, only those components with significant differences are retained, while rests are ignored.

The n-dimensional mean vector mu is computed first, followed by the n x n covariance matrix R, which is then
sorted in decreasing order of eigenvalues. After sorting, the largest eigenvalues are picked. Noise is considered in
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the other dimensions. If we create a n x n matrix A with n eigenvectors in columns, the data can be retrieved using
the below equation after pre-processing [14].

X'=At(x-p) (1)

The Distribution of X_Train without using PCA

=)

0.0 0.2 0.4 0.6 0B 1.0
Figure 3. The distribution of X_Train without using PCA.

The Distribution of X_Train with using PCA

L=

-1.5 -1.0 -0.5 0o 0.5 1.0 15 20
Figure 4. The distribution of X_Train using PCA.

Figure 3. illustrates the distribution of X _Train without the use of PCA, whereas Figure 4. represents the
distribution of X_Train with the use of PCA, in here we can see applying PCA reduces the size of the data.

3.4. Algorithms used for Classification

The algorithms and practical machine learning methods for categorization and estimation utilized throughout this
article are:

3.4.1. K-Nearest Neighbors (KNN)

K-NN is among the supervised learning techniques frequently used in classification studies. It is a nonparametric
and basic technique that classifies objects in the input space based on the nearest samples [15]. While the number
of neighbors is shown with k, it is named k-nearest neighbor algorithm because its proximity to the data to be
classified is important. The KNN Classification method aims to address both classification and regression
problems. The KNN algorithm is one of the algorithms that take a long time to learn [16].

K-NN is a learning algorithm based on calculating the sample distance, each time the algorithm encounters a new
data sample, the distance is calculated on all samples in the new data. After this calculation, class labels are
classified by finding k closest neighbors from previously known data samples and comparing them with the
examples in the education data in the new example and looking at the similarities between them [17].
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Figure 5. shows the Confusion matrix for KNN algorithm when k=1 is selected, and the PCA feature reduction
technique is used to forecast epilepsy. In figure 6. we can see the best value for k is one because it shows the highest
accuracy in training and testing.

KMNN Confusion matrix

2250
2000
1730
1500
1250

— 1000

Actual label

- 750
- 500

=250

0 1
Predicted label

Figure 5. Confusion matrix for KNN algorithm with using of PCA feature reduction technique.

1.00 -m,_ﬁ__a == Train Score

Test Score

2 4 6 8 10 12 14
K Values

Figure 6. The Train Score and Test Score of KNN algorithm with different k values.
3.4.2. Random Forest (RF)

The RF classifier, which has been developed in recent years, provides an advantage over Acceleration [18] and
Bagging [19] methods, which are known as two very good methods in collective learning, in terms of both fast and
high accuracy. Compared to learning methods, the RF classifier is much faster during the training phase, especially
than the Acceleration method. It is a very useful classifier with its efficiency and accuracy [20].

RF is an easy-to-use ML algorithm that, even without changing its meta parameters, often delivers great results.
This algorithm is one of the most commonly utilized machine learning algorithms for both “Classification” and
“Regression” due to its simplicity and usability. This algorithm would randomly create a forest. The built “forest”
is actually a “Decision Trees” band. This strategy can undoubtedly deal with huge datasets.
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RF Confusion matrix
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Figure 7. Confusion matrix for Random forests algorithm using PCA feature reduction technique.

Random Forest was created by Leo Bremen. It selects samples randomly from the dataset then builds a decision
tree for each sample. A prediction result is measured from each decision tree. Then vote the prediction result after
that the most votes consider the final prediction model [21].

Figure 7. illustrates the Confusion matrix for the RF algorithm when 100 estimators are selected, and the PCA
feature reduction technique is used to forecast epilepsy.

3.4.3. Support Vector Machine (SVM)

SVM stands for supervised machine learning. Vapnik and Chervonenkis were the first to present the SVM in 1963.
The SVM tries to locate an ideal hyperplane ready to isolate the examples of any class. If groups can be divided
linearly, hyperplanes with maximum margins might be used to identify them. Otherwise, if the data are notlinearly
separable, they can be transferred to a bigger space to separate them linearly (i.e. feature space). The kernel
function is the name for this conversion. This classifier specifies the hyperplane that isolates the spots to put the
most noteworthy number of points of a similar class on a similar side while expands the interval of each class to
such a hyperplane. The support vectors comprise of the closest points of the hyperplane. The interval from a class
to a hyperplane is the littlest interval among them and the spots in that class [16].

The hyperplane can be utilized for grouping or regression moreover. SVM separates examples in particular groups
and can likewise characterize the substances which are not upheld by data. Detachment is finished by through

hyperplane plays out the partition to the nearest training spot of any group.

Figure 8. Shows the Confusion matrix for SVM algorithm using of PCA feature reduction technique to predict

epilepsy.
2000
o 1750
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- 250
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Figure 8. Confusion matrix for SVM algorithm with PCA feature reduction technique.
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3.4.4. Artificial Neural Network (ANN)

ANNs are a network structure composed of a series of interconnected elements called neurons, each of which has
an input and output and performs a relatively simple operation. Neural networks generally learn their function
through a learning process. In fact, by processing data, they discover the law underlying them and transmit it to
the network.

In fact, these networks are a software programs that can act like human beings in such a way that:

a. More experienced, through over the time and by more interaction with the environment.
b. In addition to performing calculations, able to draw logical conclusions.
c. Provide a suitable solution in new conditions.

Artificial neural networks are computational structures modeled on the human brain. ANN is made up of many
interconnected unit operations that cooperate to process data. They often deliver beneficial outputs as a result of
it. In general, the ANN is comprised of network layers and network tasks, which the network layers namely the
input layer, hidden layer and output layer. For the data mining model, the input neurons determine all the input
attribute values [22].

A significant number of new headways have been made in the field of Artificial Intelligence, utilizing Artificial
Neural Networks including Voice Recognition, Image Recognition and Robotics.

In Figure 9. The Confusion matrix for ANN algorithm using the PCA feature reduction technique to predict epilepsy
is shown.
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Figure 9. Confusion matrix for ANN algorithm using PCA feature reduction technique.

3.4.5. Decision Tree (DT)

A DT is a decision-making aid that employs tree modeling. DT is a fundamental classification and regression
technique. In operations and research, the decision tree is commonly used. DT model that has a tree structure can
be used to define the mechanism of classifying instances based on characteristics [23]. When the result attribute
is categorical, a decision tree is used.

The root node, branches, and leaves make up the decision tree graph. Classification takes place on the leaves, while
the outcomes of each occurrence are stored on the branches. The pathways from the root node to the leaf nodes
are taken into account while creating categorization rules [24].

Both nominal and numerical features are provided by the decision tree algorithm. It has the potential to tolerate
noise and unstable values. The decision tree uses a top-down approach to categorize the whole qualified dataset
by partitioning the nodes from the topmost to the class node. Every node represents the instance’s test attribute,
with each node representing one of the several likely values for that feature attribute.
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DT Confusion matrix
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Figure 10. Confusion matrix for DT algorithm using PCA feature reduction technique.

From the top node to the attack class node level by level, a decision tree can easily turn the specified set of instances
into meaningful patterns.

In Figure 10. the Confusion matrix for DT algorithm using the PCA feature reduction technique to predict epilepsy
is Shown.

4. Results and Discussion

The outcomes of utilizing several classifiers to classify the epilepsy data set and the performance of the
classifications using PCA and without using PCA feature reduction are analyzed in this section.

Table 2 and Figure 11. shows the Comparison of the different Classification Techniques using PCA feature
reduction and setting 75% of the dataset for training and 25% for testing. According to the Table 2. We see that
the RF Classification algorithm with 97 % accuracy and with low Computational times (training time and test time)
shows the best result, after the RF the KNN and DT algorithms with 96 % accuracy and too low Computational
times are shown the best result. It is worth to mentioning that the Computational times is also related to power of
the computer workstation, it means that in a powerful workstation the Computational times will be too low.

Table 2. Comparison of the different Classification Techniques using PCA feature reduction and setting 75% of
the dataset for training and 25% for testing.

Classifi.c ation Accuracy Precision Recall F1 score Train time Test time (S)
Techniques (S)
KNN 96% 96% 96% 96% 0.015 0.29
RF 97% 97% 97% 97% 0.92 0.05
SVM 90% 91% 90% 90% 2.23 0.41
ANN 91% 91% 91% 91% 6.70 0.005
DT 96% 96% 96% 96% 0.057 0.0009
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Figure 11. Comparison of the different Classification Technique using PCA feature reduction and setting 75% of
dataset for training and 25% for testing

Table 3. Comparison of the different Classification Techniques without using the PCA feature reduction and

setting 75% of dataset for training and 25% for testing.

ClassifiFation Accuracy Precision Recall F1 score Train time Test time
Techniques (S) (S)
KNN 99% 99% 99% 99% 1.00 15.68
RF 99% 99% 99% 99% 6.83 0.072
SVM 97% 97% 97% 97% 10.15 2.517
ANN 92% 92% 92% 92% 22.11 0.014
DT 97% 97% 97% 97% 3.13 0.009

Table 4. Comparison of the different classification techniques with using PCA feature reduction and setting 70%

of dataset for training and 30% for testing.

C';‘a:escslifliic(;tlieosn Accuracy Precision Recall F1 score Trai(r;)time Test time (S)
KNN 96% 96% 96% 96% 0.014 0.331
RF 97% 97% 97% 97% 0.986 0.068
SVM 90% 91% 90% 90% 1.735 0.424
ANN 91% 91% 91% 91% 59 0.005
DT 96% 96% 96% 96% 0.0519 0.0009

According to Table 3 We see that without using the PCA feature reduction technique the classification algorithms
show high accuracy, but with high Computational times, in this case the KNN and random Forest (RF) Classification
algorithms with 99 % accuracy shows best result. After the KNN and RF the DT and SVM Classifiers with 97 %

accuracy has good result.

Table 4 illustrates the comparison of the different classification techniques using the PCA feature reduction
technique and setting 70% of dataset for training and 30% for testing. In this case, we see that the RF classifier
shows the best result with 97% accuracy.
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Table 5. Comparison of the different classification techniques without using the PCA feature reduction and

setting 70% of dataset for training and 30% for testing.

Classif'ication Accuracy Precision Recall F1 score Train time Test time (S)
Techniques (S)

KNN 99% 99% 99% 99% 0.961 16.20

RF 99% 99% 99% 99% 5.62 0.075

SVM 97% 97% 97% 97% 8.56 2.43

ANN 92% 92% 92% 92% 22.297 0.0139

DT 97% 97% 97% 97% 2.81 0.008

Table 6. Accuracy Comparison of Classification Techniques using PCA and without using PCA

Classification Techniques Accuracy using the PCA Accuracy without using the PCA
KNN 96% 99%
RF 97% 99%
SVM 90% 97%
ANN 91% 92%
DT 96% 97%

Table 7. Computational time evaluation of Classification Techniques using PCA and without using the PCA.

Classification Using PCA Without Using PCA

Techniques Train time (S) Test time (S) Train time (S) Test time (S)

KNN 0.015 0.29 1.00 15.68

RF 0.92 0.05 6.83 0.072

SVM 2.23 0.41 10.15 2.517

ANN 6.70 0.005 2211 0.014

DT 0.057 0.0009 3.13 0.009
Accuracy with using PCA m Accuracy without using PCA

KNN RF SVM ANN DS

CLASSIFICATION TECHNIQUES

Figure 12. Accuracy Comparison of Classification Techniques using the PCA and without using the PCA.
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Table 8. The result comparisons of different research studies with our study.

. Number The best
Research Studies of Classes Methods method Accuracy

RF, DT, K-NN, Naive Bayes, Logistic Regression,

Almustafa[5] 2 Random Tree, J48 and Stochastic Gradient Descent RF 97%
(S.G.D)
SVM classifier for classification, Linear Discriminant
Nandy et al,, [4] 2 Analysis (LDA) and Quadratic Linear Discriminant SVM 97%
Analysis (QLDA) for comparison.
PCA for feature extraction and SVM classifier to Average
Usman etal, [6] 2 classification. SYM sensitivity 93.1%

Used dual-tree complex wavelet transform (DTCWT)
for decomposition of signals and calculate statistical Neural

Swami et al,,[9] 2 - 95%
measurements, and general regression neural network
network classifier for classification
Without  Using
PCA PCA
This Paper 2 K-NN, RF, SVM, ANN & DT K-NN 99% 96%
RF 99% 97%
DT 97% 96%

Table 5 also illustrates the Comparison of the different classification techniques without using the PCA feature
reduction technique and setting 70% of dataset for training and 30% for testing. In this case, we see that the KNN
and RF classifier also show the best result with 99% accuracy, in addition, shows a little low training and testing
time compared to setting the 75% of dataset to training.

According to Table 6, we can see that the RF classifier shows the best result using the PCA feature reduction
technique with 97 %. At the same time, without using the PCA feature reduction technique, the KNN and RF with
99 % accuracy, it shows the best result.

Table 7 shows the Computational times evaluation of Classification Techniques using the PCA and without using
the PCA feature reduction technique. According to this table we can say that by using PCA feature reduction
technique, we reduce the computational times. At the same time, according to Figure 12. the accuracy of the
classifiers is reduced.

Table 8 compares the results of other research papers in the field of Epileptic Seizure classification with our paper.
5. Conclusion

Epileptic seizures are currently one of the leading reasons for morbidity and mortality in the world. With the rise
of epileptic seizures around the world and their effect on people’s lives, it's more important than ever to get an
accurate and timely diagnosis.

The fundamental goal of this paper was to discover the best classification algorithm for epileptic seizures by
applying the Principal Components Analysis (PCA) feature reduction technique in the dataset.

In this paper, we applied K-Nearest Neighbors (KNN), Random Forest (RF), Support Vector Machine (SVM),
Artificial Neural Network (ANN), and Decision Tree (DT) algorithms by using the PCA feature reduction technique
in the dataset to predict epilepsy, and the performance of classifiers are analyzed with using PCA and without
using the PCA technique.

It has been demonstrated that the Random Forest classifier (RF) with an accuracy of 97% and with low
Computational times (training time and test time) shows the best result by using the PCA feature reduction in the
dataset. In addition, the K-Nearest Neighbors (KNN) and random forest classifiers (RF) with 99 % accuracy
without using PCA feature reduction in dataset, shown the best result.

Itis worth to mentioning that using PCA feature reduction technique reduces the computational times. At the same
time, the accuracy of the classifiers is also reduced. In both cases, using PCA and without using PCA after the
random forest classifier (RF) the KNN Classifier with 96% accuracy by using PCA and 99 % accuracy without using
PCA has shown good result.
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t0z: Bu calismada agirhigina oranla yiiksek mukavemeti ile son yillarda oldukga ilgi
gdéren magnezyum alasimlarindan aliminyum (Al~%3) ve ¢inko (Zn~%1) oranin
cogunlukta bulundugu AZ31 alasiminin 1sil islemler sonucu bazi mekanik
ozellikleri incelendi. Numunelere ilk olarak iki saat boyunca 345 °C sicaklikta
homojenlestirme tavlamasi yapildi, boylece malzemedeki i¢ gerilmeler giderilmis
oldu. Daha sonra karsilastirma yapmak i¢in numunelerin bir kismina 180 °C de 12
saat siireyle yapay asir1 yaslandirma islemi yapildi. Mukavemet degerlerinin
6lciimii icin basma ve sertlik testleri uygulandi ve elde edilen sonuclar gosterdi ki;
asir1 yaslandirma islemi malzemenin basma ve sertlik degerlerinde olumlu bir etki
gostermedi. Ayrica bu c¢alismada, Charpy impact testi kullanilarak asiri
yaslandirma isleminin malzemenin ani darbeler karsisindaki dayanimina etkisi
incelenmistir. Sertlik ve basma test degerlerinin aksine darbe test sonuglari, asiri
yaslandirmadan olumsuz etkilenmemis olup, asir1 yaslandirilan malzemenin darbe
sonliimleme dayanimi (J/cm2) tavlanmistan yaklasik %13 daha yiiksek elde edildi.
Bunun sebebi asir1 yaslandirilmis malzemenin tane sinirindaki ¢ékelmelerin ani
dinamik ytikleme sonucu gostermis olduklari davranislariyla agiklanabilir.

The Effect of Over-Aging on Some Mechanical Properties for AZ31 Magnesium Alloy

Keywords
Compression Test
Charpy Impact Test
Heat Treatment
Hardness Test

Abstract: In this study, some mechanical properties of the AZ31 alloy, which has
the majority of aluminum (Al~3%) and zinc (Zn~1%) magnesium alloys, which
have attracted a lot of attention in recent years due to its high strength compared
to its weight, were investigated as a result of heat treatment. The samples were
first homogenized annealed at 345 °C for two hours, so that the internal stresses in
the material were relieved. Then, for comparison, some of the samples were
artificially over-aged at 180 °C for 12 hours. Compression and hardness tests were
applied to measure the strength values and the results showed that; The over-
aging process did not have a positive effect on the compression and hardness
values of the material. In addition, in this study, the effect of over-aging on the
strength of materials against sudden impacts was investigated using the Charpy
impact test. Contrary to the hardness and compression test values, the impact test
results were not adversely affected by over-aging, and the impact damping
strength (J/cm?) of over-aged materials was obtained approximately 13% higher
than the annealed ones. The reason for this can be explained by the behavior of the
grain boundary precipitates of the over-aged material as a result of sudden
dynamic loading.

1. Giris

Metallerin darbe (impact) testleri, malzemelerin kirilma o&zelliklerini incelemek icin kullanilan en yaygin
testlerden biridir. Bu test ile 6nceleri sadece kirilma enerjisi elde edilebilirken giinlimiizde daha fazla bilgi elde
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edilebilmekte, tim kuvvet-yer degistirme egrisini 6l¢meye izin veren aletli Charpy cihazlar kullanilmaktadir [1-
3]. Bununla birlikte, darbe testleri, hizli1 ve ekonomik olma 6zelligiyle, bir maddenin toklugunu degerlendirmek
icin en yaygin kullanilan testlerden biri olarak kabul edilmektedir. Genellikle Charpy darbe testi, malzemeler
darbe yiikii ile kirilirken kirilma sirasinda emilen enerji miktarin1 hesaplayarak malzemelerin darbe direncini
veya toklugunu belirlemek icin yapilmaktadir. Darbe testi, sicakligin darbe enerjisi lizerindeki etkisini ortaya
¢ikarmak icin cesitli sicakliklarda da gerceklestirilebilir. Boylece, bir malzemenin belirli sartlardaki ortam ve
uygulama icin uygunlugunu degerlendirmede ve beklenen hizmet 6mriinii tahmin etmede ¢ok faydali olabilecek
test sonuclar1 elde edilir. Bu test, metaller, kompozitler, seramikler ve polimerler gibi miihendislik
malzemelerinin ¢entik hassasiyetini ve darbe toklugunu belirlemek i¢in ekonomik bir kalite kontrol yéntemi
olarak kullanilmaya devam etmektedir [4].

Metallerin darbe testleri, bir malzemenin gevrek veya siinek olarak siniflandirilip siniflandirilamayacagini da
gosterir. Test esnasinda soniimlenen enerji miktar1 metalin gevrekligi veya kirillganligi hakkinda fikir sahibi
olmamizi saglar. Test sonrasi kirilma yiizeyinin goriiniimi, meydana gelen kirilma tipi hakkinda bilgi verir;
kirilgan bir malzemenin yiizeyi parlak ve kristaldir, siinek bir malzeme yiizeyi ise donuk ve liflidir. Darbe testi
sonrasl kirilan ylizeyden hesaplanan ytizde (%) kristallik orani, gevrek kirilma miktariin bir 6l¢iistidur. Yine
darbe testi sonrasi kirilan yiizeyin kesit alani 6l¢iilerek tespit edilen yanal genlesme ise, numunenin stinekliginin
bir dlciistdir. Siinek bir metal kirildiginda, test parcasi kirilmadan énce deforme olur ve malzeme, sikistirma
ylziinlin kenarlarindan yigilma yapar. Numunenin bu sekilde ne kadar deforme oldugu 6l¢iiliir ve milimetre
yanal genisleme olarak ifade edilir. Charpy testinin sonuclarinda, emilen enerji (Joule cinsinden) genellikle
verilirken, yiizde kristallik ve yanal genisleme ¢ogu zaman verilmez [5].

Ayrica yaslandirma, tavlama, homojenlestirme ve c¢okeltiye alma gibi 1sil islemlerin metal malzemelerin
mikroyapisi ve mekanik 6zellikleri tizerindeki etkileri de bilinmekte ve bu alanda incelemeler devam etmektedir
[6]-[10]. Asagida literatiirde rastlanan ve bu ¢alismanin altyapisini olusturan ¢alismalardan bazilar1 kisaca
6zetlenmistir. Kerenciler vd. yaptiklar ¢alismada yaslandirma isleminin AZ31 Magnezyum alasiminin mekanik
ve mikroyapisal 6zellikleri iizerine etkilerini arastirmislardir [16, 17]. Giir vd. yaptiklar1 ¢calismada ramor zirh
celiginin farkl sicakliklarda tavlanmasi ve farkli ortamlarda sogutulmasi sonucu mikroyap1 ve sertlik
degerlerindeki degisimleri incelemislerdir. Kizilkaya ve Ovali ise AISI-4140 celigine yiiksek sicaklikta
Ostenitleme ve temperleme 1s1l islemleri uygulayip devaminda ise -197 C de kriyojenik islem uygulamislardir. Bu
islemlerin malzemenin sertlik ve Charpy darbe dayanimim artirdigim test ederek gostermislerdir. Matik ise
akimsiz Ni-B kaplanmis demir esasl toz metal kompaktlarin sertlik ve yapisal dzelliklerine 1s1l islemin etkisini
incelemis ve sonuclar1 calismasinda gostermistir. Sahbaz vd. yaptiklar1 ¢alismalarda AA5083 ve AZ31
alasimlarina asir1 plastik deformasyon (APD) uygulamadan 6nce tavlama 1sil islemi yaparak malzemeleri
homojenlestirmis, béylece APD isleminin malzemelerin mikroyapisi ve mekanik dzellikleri tizerindeki etkilerini
daha dogru ve hassas belirlemislerdir [9-10].

Bazi ¢alismalarda ise dogrudan yapay yaslandirmanin malzeme toklugu tlizerindeki etkileri incelenmistir [11],
[12]. Alexopoulos vd. farkli yaslandirma ortamlarinin A357 (Al-7Si-0.7Mg) alasiminin dinamik toklugu iizerine
etkisini Charpy darbe testi kullanarak incelemislerdir. Liu vd. ise bir magnezyum alasimi olan Mg-10Gd-3Y-
0.5Zr igin baz1 1sil islemlerin malzemenin yorulma ve kirilma toklugu ozelliklerinde meydana getirdigi
degisimleri incelemislerdir.

Magnezyum 1.738 g/cm?® yogunluk ile aliiminyumdan iicte bir oraninda daha hafif olmasi nedeniyle, otomotiv,
havacilik ve bilisim endiistrisi gibi sektdrlerde kullanimi giderek yayginlasmaktadir. Ayrica magnezyum
hekzagonal kristal kafes yapisina sahip bir malzeme oldugu i¢in oda sicakliginda sekillendirilmesi zordur ve 150
°C altinda sekil degisimine karsi yiiksek direng gostermektedir [13].

Bununla birlikte, genel olarak alasim seklinde kullanilan magnezyumun aliiminyum igeren alasimlarinda (AZ, AS,
AM vb. seriler) aliiminyum magnezyum ile reaksiyona girerek 3 (Mg17Al12) fazini olusturmaktadir. Bu durum,
alasimin genel olarak dokdlebilirligini, sertligini ve akma mukavemetini arttirmakla birlikte malzemenin
siinekligini de gelistirmekte alasimin korozyon dayanimim iyilestirmektedir. Cinko (Zn), Mg alasimlarinda
genellikle Al ile beraber kullanilmaktadir ve Mg icerisinde kolay bir sekilde ¢6ziinebilmektedir. Mg ile reaksiyona
girerek ikincil faz1 olusturmakta ve tane sinirlari boyunca bu faz yerlesmektedir. Bu durum mekanik 6zellik
olarak alasimin ¢ekme mukavemetini arttirmakta ve kat1 ¢6zlintirliikk ve yaslandirma sertlesmesini gelistirici etki
yapmaktadir. Bununla birlikte ¢inko diistik oranlarda eklendiginde alasim tizerinde korozyon direncini arttirici
etki gostermektedir [14], [15].

Endiistride kullanimi giderek artmakta olan magnezyum alasimindan iiretilen parcalar (6zellikle dis ylizeyde
kullanilanlar) zamanla dogal yaslanmaya (hatta asir1 yaslanmaya) maruz kalmaktadirlar. Ayrica bu parcalar
cevreden gelebilecek darbelere de dogrudan maruz kalmaktadirlar. Literatiir incelendiginde asir1 yaslandirilmis
malzemelerin mekanik o6zelliklerinin (6zellikle sertlik ve mukavemet degerlerinin) asir1 yaslandirmadan
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olumsuz etkilendigi gortilmektedir [16]. Fakat calismalarda asir1 yaslandirmanin malzemenin darbe dayanimina
olan etkisini arastiran bir ¢alismaya rastlanmamistir. Bu sebepten asir1 yaslandirilmis magnezyum alasiminin
mekanik 6zelliklerinin (6zellikle darbe dayaniminin) test edilmesi bu alanda ileride karsilasilabilecek sorunlarin
ongorilmesi acisindan faydali olacagl diisiiniilmiistiir. Bu ¢alismada asir1 yaslandirma isleminin AZ31
magnezyum alasimi lizerinde bazi mekanik 6zelliklere etkisi incelenmistir. Mekanik 6zelliklerin tespiti i¢in
sertlik (Vickers), basma ve Charpy darbe testleri standartlara uygun hazirlanmis numuneler {izerine
uygulanmistir. Elde edilen sonuglar, 1s1l islem sonucu mikroyapida meydana gelen degisiklikler ile karsilastirmali
olarak incelenmis olup aralarinda baglanti kurulmustur.

2. Materyal ve Metot

Bu calismada hafifligine oranla yiiksek dayanimi ile son yillarda aliminyum alasimlarina alternatif olan
magnezyum alasimlarindan AZ31 kullanilmistir. Metot olarak bu calismada o6ncelikle malzemenin asiri
yaslandirma sonrasi mekanik 6zellikleri incelendigi i¢in 6nce 1s1l islem yontemleri sonrasinda ise mekanik test
yontemleri anlatilacaktir. Isil islem olarak dncelikle tiim numuneler 345 °C de 2 saat boyunca gerilim giderme ve
homojenlestirme tavlamasina tabi tutuldu. Devaminda ise bazi numunelere 12 saat boyunca 180 °C de yapay
yaslandirma islemi uygulandi.

Isil islemlerin malzeme iizerindeki etkileri incelemek i¢in ise mekanik test olarak, sertlik, basma ve Charpy darbe
testleri uygulandi. Sertlik dlciimlerinde 30kgf yiik, 6 saniye bekleme siiresi ve elmas piramit uc ile Vickers-30
(HV30) test metodu kullanildi. Sertlik 6l¢iimleri i¢in her numune iizerinden farkl bolgelerden sekiz iz 6l¢limi
yapildi. Basma testi ise kenar uzunlugu 10 mm olan kiip seklinde hazirlanan tavlanmis ve asir1 yaslandirilmis
numunelere 1 mm/d hiz ile uygulandi, her durum icin basma testi beser defa tekrarlandi. Darbe testi olarak ise
Charpy darbe testi 140 derece agili mesafeden 300 ] enerjiye karsilik gelen 21.3 kg agirligindaki ¢ekicin
numuneye 5.308 m/s ile carptirilmasi ile gerceklestirildi ve absorbe edilen enerji, cihazin dijital ekranindan
okundu. Bu test ise her durum i¢in iicer defa tekrarlandi. Sekil 1’de Charpy darbe testi i¢in hazirlanmis ¢entikli ve
centiksiz numuneler (Sekil 1a) ve test cihazi katalogunda yer alan standartlara (EN ISO 10045‘e) gore
hazirlanmis teknik cizimler gosterilmistir (Sekil 1b-d).
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Sekil 1. Charpy test numuneleri ve boyutlari, (a) ¢entikli ve ¢entiksiz numuneler, (b) u-¢entikli numunenin
boyutlari, (c) u-gentigin detayl goériiniimi, (d) ¢entik kesit alani boyutlari

3. Bulgular

Bu kisimda uygulanan 1s1l islemlerin malzeme tizerindeki etkilerini gormek i¢in, tavlanmis ve asir1 yaslandirilmis
numunelerin o6ncelikle sertlik test sonuclari, sonra basma test sonuclari ve son olarak Charpy darbe test
sonuglari sunularak karsilastirilacaktir.

HV30 sertlik testi ile yapilan 6l¢iimlerin sonuglar alttaki grafikte verilmis olup asir1 yaslandirma neticesinde
sertlik degerlerinin hemen hemen tavlanmis malzemenin sertlik degerlerinde oldugu g6zlemlenmistir (Sekil 2a).
Sertlik odlciimleri sekizer defa yapilmis ve dikkat ¢eken bir durum olarak, ortalama degerler yakin olsa da
6lciimlerdeki standart hatanin asir1 yaslandirilmis numunelerde digerinden fazla oldugu gézlemlenmistir. Bunun
sebebi olarak tane smirlarindaki heterojen faz ¢ékelmelerinin sertlik dl¢limlerini etkiledigi 6ngoériilmektedir.
Oyle ki sertlik 6l¢iimlerinin tiim yiizeyde homojenlik géstermedigi farkli bolgelerde farkh cikarak standart
sapmay1 artirdigl goériilmektedir. Tavlanmis numunelerde ise bu durumun aksine sertlik dl¢ciimleri neredeyse
homojen olup standart sapmanin diisiik oldugu goriilmektedir.
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Sekil 2. Tavlanmis ve asr1 yaslandirilmis AZ31 alasimi icin (a) sertlik ve darbe dayanim testi sonuclar grafigi (b)
basma testi sonuglar grafigi

Basma testleri ise tavlanmis ve asir1 yaslandirilmis numunelere beser defa uygulanmis ve basma gerilmesinin
(MPa) yilizde yer degisimi (%) ile karsilastirlmasi grafik olarak incelenmistir (Sekil 2b). Normal siireli
yaslandirma isleminin malzemenin gerilme degerlerini artirmasi beklenirken [17], Sekil 2b’de de goriildiigi gibi
asir1 yaslandirma islemi bu kazanimlari yok etmis ve gerilme degerleri neredeyse tavlanmis malzeme seviyesine
kadar diismiistiir. Bu durum yine asir1 yaslandirma ile ¢okelen fazin kendi kafes sistemini olusturmasi ile matris
yapisindaki ¢arpilmanin azalmasina bagli olarak sertlik ve mukavemet degerlerinin diismesi ile agiklanabilir. Bu
durum basma testi sonuglarinda da goézlemlenmis olup asir1 yaslandirmanin etkisi ile elde edilen degerler
yaslandirma oncesi degerlere yakin ¢ikmistir.

Sertlik ve basma testi sonuglarinin aksine Charpy darbe test sonuglari, asir1 yaslandirmadan olumsuz
etkilenmemis olup asir1 yaslandirillan malzemenin darbe séniimleme dayanimi (J/cm2) tavlanmis olandan
yaklasik %13 daha yiiksek cikmistir (Sekil 2a, Tablo 1). Bunun sebebi asir1 yaslandirilmis malzemenin tane
sinirindaki ¢okelmelerin (B fazlarinin) ani dinamik yiikleme sonucu davranisiyla agiklanabilir. Darbe testindeki
hiz ve asir1 kuvvet malzemenin, kirilma aninda ani peklesmesine sebebiyet verip malzeme toklugunu, dolayisiyla
darbe dayanimini arttirmis olmalidir.

Beta fazlarinin yaslandirma ile olusmasi, boyutlari ve taneler arasindaki dagilimlar i¢cin asagidaki sekiller
bilgilendirici olacaktir. Sekil 3'te AZ31 malzemesi icim sirasiyla temin edilmis hali, homojenlestirme tavlamasi
yapilmis hali ve asir1 yaslandirma yapilmis hali verilmistir. Asir1 yaslandirmanin etkisi ile Beta fazlarinin irilestigi
ve heterojen dagildiklar goriilmektedir.
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Sekil 3. AZ31 i¢cin optik mikroskop goriintiileri a) temin edildigi hali, b) homojenlestirme tavlamasi yapilmis hali,
¢) asir1 yaslandirilmis hali [17]

Sekil 4’te ise asir1 yaslandirilmis malzemenin SEM ve EDS gorintiisti verilmis olup (($-Mgi7Ali2) fazlar tespit
edilmistir. Ayrica Sekil 5'te XRD grafigi yardimi ile yaslandirma islemi sonucu Beta fazlarinin olusumu

gosterilmistir.

Mg

E. keV

Sekil 4. AZ31 i¢in SEM ve EDS gorintiileri ikincil fazlarin gésterimi [17]

Bu durumu daha iyi agiklamak i¢in ayn1 malzemeden (AZ31) ¢entiksiz numune hazirlanmis ve darbe testi ayni
sartlarda gerceklestirilmistir. Sekil 6a-b de goriildiigii lizere kare kesite sahip olan numune yiiksek hiz ve
kuvvetten dolay1 kesit alanda yiiksek sekil degisimine maruz kalmistir. Cekicin vurdugu yerde malzeme
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yigilmasindan dolay1 kalinlasma (yanal genlesme) olurken diger tarafta gerilmeden dolay1 incelme olmustur

(Ayn1 durum Sekil 3c de c¢entikli numunede de kismen gorilmiis olup 6l¢iim yapilarak bu durum
dogrulanmistir).

¢ Mg

o Y phase

0 Mg-Re cuboid-shaped
A B' phase

* V B, phase

Intensity

¢ Ageing treatment
4 .
v A i l U a l? N AI e e 0.9,
+ Solution treatment
° ¢ *
.
?I L Jﬁ’ ASZ_.LAX_I_L-:.Y_.
T T T v T L2 T k] T b2
20 30 40 50 60 70 80 90
20 (degree)

Sekil 5. AZ31 icin XRD grafikleri iistte yaslandirilmis, altta soliisyona alinmis (tavlanmis) [18]

Bu ani ve asir1 yiikkleme sonucu malzemede gerinim sertlesmesi (strain hardening) meydana gelmis olup
malzeme vurulan alanda pekleserek sertlesmis ve kirilganlasmis olmalidir. Darbe testi sonunda kirik yiizey
incelendiginde kristalli parlak yiizeyler malzemenin kirilgan oldugu, donuk ve lifli ylizeyler ise malzemenin
stinek oldugu hakkinda bilgi verdiginden giriste bahsedilmisti [5].

Tablo 1. Tavlanmis ve asir1 yaslandirilmis AZ31 malzemenin sertlik, basma ve darbe test sonuglari

Malzeme Maks. Gerilme Yiizde Uzama Sertlik %1::537
i i 0
Is1l Islemi (MPa) (%) (HV) (J/cm2)
Tavlanmis 394.44 + 6.50 20.47 £0.52 62,46 + 0,96 15.98 +0.57
Asin Yaslandirilmig 397.70 +5.78 21.32+1.13 62,56 + 2,00 18.30 £1.33

1060pm

Sekil 6. Charpy darbe testi sonucu kirik ylizeyler (a-b) ¢entiksiz numune yiizeyi, (c-d) ¢entikli numune yiizeyi,
(e-f) kirilma sonrasi ¢entikli numunedeki deformasyonun yandan goriiniisii

Ayrica bu ¢alismada ¢entikli ve ¢entiksiz darbe testi sonucu malzeme tarafindan absorbe edilen enerji miktarin
belirlemek ve karsilastirmak icin ayni sartlarda her iki deneyde 1s1l islem yapilmamis ham AZ31 numuneler
iizerinde licer defa tekrar edildi (Sekil 6). Ortalamalar1 alinan testlerden centikli test sonucu 16.16 J/cm?
¢ikarken, centiksiz test sonucu 62.54 ]J/cm? olarak ol¢iilmiistiir. Tavlanmis ve asir1 yaslandirilmis numunelerin
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Charpy darbe testi sonuclar1 Tablo 1 de verilmis olup diger mekanik testlerin (sertlik, basma) aksine bu testlerde
asir1 yaslandirilmis AZ31’in test sonuglari tavlanmis olandan daha yiiksek ¢iktig1 gdsterilmistir.

4. Tartisma

Bu calismada, bir 1s1l islem olan (yapay) asir1 yaslandirmanin AZ31 magnezyum alasiminin bazi mekanik
ozellikleri tizerine etkileri arastirildi. Yapilan ¢alismada malzemenin mekanik 6zelliklerini belirlemede yaygin
kullanilan sertlik ve basma testlerinin yaninda Charpy darbe testleri de kullanildi. Bu testler neticesinde
tavlanmis ve asir1 yaslandirilmis numunelerin sertlik ve basma test sonuclar1 beklendigi gibi ¢cok kiiciik farklarla
yakin degerler olarak elde edildi. Charpy darbe test sonuglarinda ise, asir1 yaslandirilmis numunelerin test
sonuglar1 %13 daha fazla elde edildi. Bu durumun asir1 yaslandirma sonucu tane sinirlarinda ¢ékelen ikincil ((-
Mg17Al12) fazlarin darbe testinde meydana gelen ani ve asir1 yiikleme ile malzemeyi peklestirdigi ve netice olarak
ta sonuglar yukselttigi 6n gorilmistiir. Bu goriisii destekler bir durum ise ¢entikli ve ¢entiksiz numunelerin
darbe test sonuclar1 karsilastirilmasinda goriildii. Centiksiz numunelerde daha fazla peklesme, yanal genlesme
meydana geldi ve boylece malzemenin gerinim sertlesmesi yiikseldi ve malzemenin enerji soniimleme kapasitesi
artti. Kirik yiizeydeki yanal genlesme ve kristal-parlak alan bu durumun bir géstergesidir [19]. Bu durumun
neticesinde ise ¢entiksiz numunelerin darbe test sonuglari ¢entikliden yaklasik dort kat daha fazla ¢ikti.

Ayrica bu ¢alismada tespit edilen bir durum ise, yapilan 1s1l islemlerin malzemenin homojenligi iizerine etkileri
oldu. Asin yaslandirilmis malzemelerin tiim mekanik test sonuclarindaki standart sapmalar, tavlanmis
olanlardan yaklasik iki kat daha fazla ¢ikarak bu islemin malzeme homojenligini azalttig1 tespit edilmistir. Bunun
sebebi yukaridaki sekillerde de gosterildigi gibi; yaslandirma sonucu ¢okelen fazlarin boyutlarinin irilesmesi ve
bu fazlarin malzeme i¢inde heterojen bir sekilde dagilmis olmasi ile agiklanabilir.

5. Sonug

AZ31 Magnezyum alasimi iizerinde yapilan bu ¢alismada, asir1 yaslandirmanin basma ve sertlik testi sonuclarini
neredeyse etkilemedigi deneysel olarak gosterilmistir. Fakat yapilan Charpy impact testi sonuglarinda asiri
yaslandirilan numuneler kirilirken daha fazla enerji séniimledikleri tespit edilmistir.

Asin yaslandirma, ¢okelen fazin (¢ogunlukla B fazi-Mgi7Ali2) kendi kafes sistemini olusturmasi ile matris
yapisindaki ¢arpilmanin azalmasina bagh olarak sertlik ve mukavemet degerlerinde diismesine sebep olan bir
durumdur. Darbe testindeki hiz ve asir1 kuvvet asir1 yaslandirilmis malzemenin, kirilma aninda (malzemenin
tane sinirindaki ¢okeltilerin ani dinamik yiikleme sonucu gostermis olduklar1 davranislariyla neticesinde) ani
peklesmesine sebebiyet verip bdylece malzeme toklugunu, dolayisiyla darbe dayanimini arttirmis olacagi
varsayllmaktadir.
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Keywords Abstract: During the last decades, the advancement in industrial technology
Blockchain technology manifested itself in the concept of Industry 4.0, which incorporates digitization,
Industry 4.0 smart automation technologies, the Internet of things, self-monitoring, and
ZeTaIth 40 optimizing machines. Health science, one of the most interdisciplinary fields, with

its sub-disciplines, constitutes a platform open to novel technologies from various
fields such as pure science, engineering, and management. One of the fields
transformed by Industry 4.0 is healthcare. An umbrella term “Health 4.0” is derived
to cover all the recent technology advancements in the health field. Some of these
advancements are the Internet of Things (IoT), Internet of Services (IoS), Medical
Cyber-Physical Systems (CPS), Health Cloud, Health Fog, Health Big Data Analytics,
Mobile Communication Networks, and Blockchain Technologies. Health 3.0 focused
on the patients, communication, and monitoring of patients using new technologies
like smart sensors, wearable devices, and big data. Health 4.0 added real-time
monitoring, prediction, and Al-supported diagnostics to Health 3.0. The main
objective of Health 4.0 is to provide high-quality healthcare services, improved
efficiency and effectiveness, and optimization of the costs and resources. Blockchain
technology offers a promising solution for healthcare data management with
exceptional features such as decentralization, enhanced security, and immutability.
However, the potential of blockchain technology has not been investigated in detail.
This paper examines the prominent blockchain applications and challenges in
Health 4.0 and its impact on the health industry.

Medical cyber-physical systems

1. Introduction

As the longevity of the world population increases with the advancements in healthcare, the aging of the
population will increase healthcare costs [1]. The amount of funds spent on the health sector is growing larger
each year, which causes an enormous burden on the economic development of countries. The countries need to
transform their health organizations into a cost-effective yet high-quality producing structure. This will be one of
the main factors that enable a nation to reach high welfare and prosperity in the next century. This transformation
requires the adoption of the recent technological advancements in the Industrial Revolution as well as science. The
young population percentage decreases by the aging population, which jeopardizes traditional hospital-based
healthcare services [1]. A radical paradigm shift in health care is required for a more sustainable and high-quality
health service in the near future. This is one of the most important driving factors for the emergence of the Health
4.0 concept.

The main objective of this paperis to provide and present the potential of blockchain technologies in the healthcare
field. The paper is organized as follows. In Section 2, the historical progress of Industrial evolution and the
emergence of Industry 4.0 are summarized. In section 3, the evolution of health care technologies and the Health
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4.0 concept are introduced. In section 4, Blockchain technology, one of the emerging technologies in the Industry
4.0 era, is explained. In section 5, some applications of the blockchain in healthcare are discussed. Finally, a
summary of the blockchain and Health 4.0 are discussed in the conclusion.

2. Industry 4.0

Although there is no defined rule for categorizing the advancements in industrial technologies over time, the
evolution of industrial technology can be divided into four stages. The water and steam-powered mechanical
manufacturing, mass production technologies powered by electricity, and the electronics and information
technologies-based industrial processes constitute the first three industrial revolutions, respectively [2].
Following the computerized machining by Industry 3.0, the main motivations for Industry 4.0 are to improve
autonomous and smart industrial operations, achieve cost reduction and high quality by optimization, automation,
and the use of intelligent services [3]. Globalization in recent decades required better efficiency, competency, and
competitiveness, leading to a demand for high-level industrialization, informatization, and manufacturing
digitization by Industry 4.0 [4]. Completely integrated digital systems and end-to-end digitization are two essential
properties of Industry 4.0 [4].

The virtualization of the physical systems by such technologies as the Internet of Things (IoT) and machine-to-
machine communication enable the movement of technological perspectives from embedded electronic systems
to Cyber-Physical Systems (CPS) [5]. To support this movement, smart factories are being developed to realize
complex production schemes in CPS. Cloud technology using distributed resources and CPS by connecting physical
and software entities provides better integration in physical and virtual domains [4, 6].

Hermann et al. (2015) proposed six design principles of Industry 4.0: interoperability, virtualization,
decentralization, real-time capability, service orientation, and modularity [7]. Interoperability stands for the
capability of a system to share information with others to achieve a function or action. In cyber-physical systems,
interoperability is key to completing the system loop and exchanging data without interruption [8]. Virtualization
is the ability of a system to monitor physical processes by CPS and create a virtual copy. [7]. By decentralization,
there is no necessity for a central trusted agency to process the data [9]. Real-time capability is the ability of a
system to operate in real-time interactions with other systems or units to satisfy the system's integrity. Service
orientation refers to more customer-centered services with Internet of Things (IoT), Internet of Services (IoS),
and Internet of People (IoP) technologies. Modularity stands for the ability to replace or expand parts and adapt
the system to changes flexibly [1].

3. Evolution of Healthcare Technology and Health 4.0

Technological milestones can analyze the evolution of healthcare technologies. Health 1.0 focused on the high
utilization of computers for administration procedures; Health 2.0 focused on organizational data sharing using
cloud computing [10]. Later Health 3.0 shifted the focus on the patients, communication, and monitoring of
patients using new technologies like smart sensors, wearable devices, and big data. Finally, Health 4.0 added real-
time monitoring, prediction, and Al-supported diagnostics [10]. The main objectives of the Health 4.0 can be
summarized as high-quality healthcare services, improved efficiency and effectiveness, and optimization of the
costs and resources. Health 4.0 introduces integrated healthcare platforms for all healthcare stakeholders by
providing virtual, distributed, and real-time services to move healthcare services from empirical to personalized
healthcare services [3]. Patients, medical professionals, medical equipment, hospitals, clinics, pharmaceuticals,
and medical suppliers are connected to a smart healthcare network through Health 4.0 [3]. By Health 4.0, a new
paradigm shift from the hospital-based professional system to a distributed patient-centered healthcare in the
world [11]. With increased connectivity, mobile digital technology platforms (m-health) connect patients and
caregivers across the globe. People in remote areas can easily access high-quality health services [12, 13]. Health
4.0 offers flexible, scalable, reliable, agile, cost-effective, and high-quality healthcare services and operations [14].
It requires highly complex design and implementation to build and provide Health 4.0 based applications.
Advanced service-oriented middleware (SOM) framework with cloud computing, edge/fog computing, 10T, IloT
(Industrial IoT), CPS, and big data can satisfy the needs for such complex systems [3].

Internet of Medical Things (IoMT) is a connected health system where medical devices, systems, software, and
services are connected for cooperation [15]. The benefits of IoMT can be summarized as improved patient
outcomes such as decreased costs, improved drug management, enhanced patient experience, improved
diagnostics and treatment, remote monitoring of diseases, improved disease management [16]. Internet of
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A4th Industrial Revolution: The Age of Cyber
Physical Systems (CP5)

In 2013, the Industry 4.0 concept was officially
presented (GTAL 2014)

3 Industrial Revolution: The Information Age
Introduction of electronic and ICT systems for
Automation

In 2005, the concept of industrial infarmation
integration based on emerging new ICT was officially
presented (Xu 2011)

2 Industrial Revolution: The Age of
Electricity
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Figure 1. Industrial evolution stages. Adapted from [4]

Services is software-based medical devices, systems, and organizations provided via Internet interfaces [17].
Medical Cyber-Physical Systems, another Health 4.0 technology, are integrated systems of medical devices driven
by embedded software and connected to networks that are distributed systems capable of monitoring and
controlling patients’ physiology [18]. With the digitization and particularly with the virtualization of healthcare, a
higher quality of health services in the form of personalization for patients, professionals, and other stakeholders
is available [19]. Another technology is health fog; in fog computing, three layers exist. They are the medical device,
fog, and cloud layers [10]. Medical sensors are connected to the patient in the medical device layer, and data is
collected by real-time monitoring via the Internet of medical things (IoMT) [10]. On top of the medical device is
the fog layer, where sensor data is processed quickly and transmitted to the top cloud layer. The medical data is
analyzed, stored, and provided to the clients, such as doctors and patients [10]. As another technology, Health Big
Data Analytics enables better decision-making by learning from the enormous health data recorded over time
using techniques such as machine learning. Healthcare big data is different from conventional databases. It has
more complex and diverse formats, types, and contexts [19]. It is challenging to merge [19]. Moreover, Next
Generation Mobile Communication Networks will allow new medical applications using the faster connection and
smarter data management capabilities [3]. Finally, blockchain technology provides a decentralized and secure
platform for critical health data management.

4. Blockchain Technology

Even though Stuart Haber and W. Scott Stornetta had started the research on digital ledgers in 1991, the first
appearance of blockchain was in 2008. Blockchain has been invented with the idea of building a system that does
not allow anybody to access or change document time-stamps. Developer(s) working under the pseudonym
Satoshi Nakamoto conceptualized the first blockchain in 2008. Blockchain’s design was based on Hashcash
cryptographic algorithm [20]. Blockchain structure is illustrated in Figure 2. Each block represents a transaction.
Every user has a digital signature, a private key, and a public key to sign transactions digitally in the signing phase
[21]. In the verification phase, encrypted transactions and the original data are broadcasted to other users to verify
the transactions using users’ public keys [21]. Once the transaction has been validated at each user node, it is
added to the blockchain, and money is transferred [22]. Blockchain technology offers advantages such as
immutability, irreversibility, distributed system, decentralization, resiliency [22]. It is very hard to change or
tamper with a transaction block with immutability. It is irreversible that money can not be double-spent. It is
distributed that all the members have a copy of the ledger. It is decentralized that there is no central server
mechanism to process. By resiliency, it is immune to safety attacks. Figure 2 represents the structure of blockchain.
This structure consists of data, hash, time-stamp, and other information. The stored data in the blockchain is based
on the service and application type. This data can be used in various applications like recording the transaction
details, banking, contracting, and IoT. A hash function is responsible for taking an input of any length and
generating the output with a unique fixed length. These functions are universally used in blockchain technology.
They increase the integrity and trustfulness of data stored in blockchains. Timestamping is a method to record a
document's creation and modification time, and it is crucial to saving these records every time a block is created.
Other information in a blockchain system includes but is not limited to digital signatures, nonce values, and nBits
[23].
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In addition to financial applications, blockchain technology is crucial for healthcare. The use of blockchain
technology in the medical field has been urged by the need for data share across departments of the same hospital,
for an updated set of records for reference across multiple healthcare facilities, for the exigency of trusted and
transparent documentation of individual health data [24].

5. Prominent Applications of Blockchain in Health

Blockchain technology has a great potential to improve business processes by virtue of its immutable, time-
stamped, secured, and decentralized consensus feature [25]. Blockchain technology can be implemented in many
industrial and technical areas. The inherent decentralized structure is one of the strongest points of blockchain
technology. Each participant in a blockchain system can view the transaction records; however, they cannot
change and delete them. For this reason, blockchain technology builds up transparent, immutable, and secure
digital systems [26].

Blockchain technology consists of many interdisciplinary techniques: cryptography, algorithms, economic models,
and mathematics. This technology merges or combines peer-to-peer networking and distributed consensus
algorithms [23].

Some of the prominent applications of blockchain technology are illustrated in Figure 3. Blockchain technology
has many potential application areas such as finance, healthcare, mobile technologies, defense systems,
automobile, and the IoT. Among these application areas, blockchain has a wide range of applications and
prominent uses in healthcare. Mettler (2016) states that blockchain technology can be implemented in healthcare,
such as public health management, the pharmaceutical sector, medical research, and consumer-oriented
healthcare [27].

Even though the research endeavors of blockchain technology in the healthcare industry have started in recent
years, its applications will have widespread impacts in the healthcare industry in upcoming years. Some of these
research areas in healthcare include, but are not limited to, management of electronic medical records, biomedical
research, and education, remote patient monitoring, health data analytics [28]. Gordon & Catalini (2018) analyze
the challenges encountered during the transition from institution-driven interoperability to patient-driven
interoperability [29]. The authors investigate the applicability of blockchain technology on patient-driven
interoperability.

Blockchain applications have started with the cryptocurrency Bitcoin and evolved to cover many other areas,
including healthcare. Blockchain technology is expected to positively impact the healthcare industry [28]. One
instance is IBM’s Healthchain application. It was developed on Blockchain infrastructure, enabling confidentiality,
scalability, and security in health informatics [30]. Another application is offered by a Netherland-based data
security firm, Guardtime. The blockchain-based application helps to validate patients' identities. The patients’
records, such as patients’ private health information and appointment scheduling, are registered in the blockchain
and kept secure and auditable. MedRec is another blockchain-based application that is the joint venture of MIT
Media Lab and Beth Israel Deaconess Medical Center. This application allows patients to control the entities who
can access their healthcare data [31]. Healthcoin is another example of a blockchain application in healthcare.
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Figure 2. Structure of blockchain [23]
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Figure 3. Application Areas of Blockchain Technology [23]

It has been started to help people with diabetes symptoms and later extended its aim to be a global electronic
health record system. The application has a patient-centered information control mechanism based on three
principles: giving the complete data to the users, allowing users to channel their data to its best use, and allowing
users to broadcast outcomes with mechanisms to certify the broadcasted information [32]. Blockchain technology
can be applied to many areas in healthcare, such as device tracking, clinical trials, pharmaceutical tracing, and
health insurance. Blockchain technology has a great potential to create robust systems against counterfeit and
unapproved drugs. Some of the issues within the modern healthcare industry are healthcare data interchange,
nationwide interoperability, medical device tracking, and drug tracking [33]. Some of the benefits of blockchain
technology in the healthcare industry are shown in Table 1. According to Engelhardt (2017), entrepreneurs focus
on four main areas to deal with the challenges in health data management. These are; putting the patient at the
center, privacy and access, completeness of information, and cost.

Table 1. The benefits of blockchain to healthcare applications (adapted from [28])

Blockchain technology can be the foundation for decentralized health data management
Decentralization systems from where the system's participants can access the same health records. There will

be no central authority in this system that controls the health data.

The immutability property of blockchain guarantees the security of health data. Once the
Improved data security health data is inserted into a blockchain system, it cannot be deleted, corrupted, or altered.
and privacy The data on a blockchain system is encrypted, time-stamped, and stored in chronological
order.
The cryptographic structure of blockchain and smart contracts offers solutions to protect
patients’ data and prevent them from being misused by unauthorized parties.
The records on a blockchain system are held on multiple nodes. This feature of blockchain
creates a robust and resilient system against possible data losses, data corruption, and attacks.
Transparency and trust  The healthcare stakeholder will be more willing to trust the blockchain-based applications

due to their open and transparent nature.

Health data ownership

Availability/robustness

Data verifiability The integrity and validity of the data records can be verified on blockchain nodes without
the need for accessing plaintexts. Fast and easy verification of records yields productive
processes in pharmaceutical supply chain management and insurance claim processing.

A comparison of an open-ended loop for a prescription process and a blockchain-based solution for the same
process is given in Figure 4.

A doctor provides a prescription to a patient, and then the patient delivers the prescription to a pharmacist himself
in an open-ended loop. In this process, the pharmacist has no knowledge about the prescription’s originality,
accuracy, or any modification made on it. Transactions can be stored access and permission to add data to the
blockchain. When a doctor adds the prescription to the system, the pharmacist can check the original document in
the closed-loop prescription process. After that, the pharmacist can record his actions on the prescription, and the
doctor can see the prescription status [32]. The illustration of two different system design is given in Figure 4.

Blockchain technology can address prescription drug fraud such as modification of prescriptions, duplication of
prescriptions, collection of many prescriptions from different doctors. One safety gap in an open-ended loop is the
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lack of a sufficient feedback mechanism between prescription writers and prescription fillers. Blockchain offers
fast and secure access to the time-stamped prescription documentation against prescription fraud [32].
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Figure 4. Traditional open-ended loop for a prescription process (a) vs. blockchain-based solution to a prescription
process (b) [32].

Convenient medical care increases its popularity in today’s medical system. The connectivity feature of smart
devices can bring patients and doctors without the need for physical meetings and save time and energy. Many
healthcare companies offer 24/7 access to healthcare services, and mobile applications continuously monitor
patients’ health status and send a report to the health service providers.

Zhang et al. (2018) depict a high-level conceptual infrastructure (see figure 5) where a Blockchain (represented
as the dashed ellipse) is connected to disparate health database systems (represented as cylinder database
objects) [34]. The keyed file symbol represents a smart contract, and it is used to regulate the data transaction
among these systems. These execution operations are based on smart contracts’ mutual agreements, and all
transaction records are kept properly. Figure 5 is a simple explanation of the blockchain-based health database
systems; however, more components exist in the structure in practice.

Figure 5. Blockchain-based conceptual infrastructure to connect different health database systems [34].
6. Conclusion

Following the Fourth Industrial Revolution, many technological advancements are available for manufacturing
and service-based industries. As digital transformation takes place in everyday life, the healthcare industry is being
revolutionized by these emerging technologies. These reforms in the healthcare field can be manifested as Health
4.0, which allows higher quality, efficient and effective healthcare products and services, optimizing the costs and
resources. In order to achieve these goals, Health 4.0 utilizes such technologies as the Internet of Medical Things,
Internet of Services, Medical Cyber-Physical Systems, Digitization and Virtualization, Fog Computing, Cloud and
Health Big Data, Next Generation Mobile Communication Networks and Blockchain. The main contribution of this
paper is to investigate the potential use of blockchain technology in healthcare. First, we review the evolution of
healthcare technologies and how these development stages changed the way patients get treatments. Second, we
explore blockchain technology and its potential benefits in many sectors. Finally, we discuss the integration of
blockchain technology with the healthcare system and provide some insights regarding the potential gains.

Blockchain technology is one of the emerging technologies, and it offers great potential in improving the healthcare
processes where healthcare data is processed fast, secure, and transparent. Blockchain technology eliminates the
need for a third party between system participants and develops the healthcare process to minimize time and

74



I. Kaya et al. / Health 4.0: Blockchain Applications in Healthcare

effort. Having a direct interaction between healthcare system participants builds trust, minimizes disinformation,
and accelerates the process. The healthcare data is recorded in blocks where participants can access the data at
any time, anywhere. Each patient’s data is stored, viewed, and analyzed without the risk of loss or intervention
under his digital ID. Hence, blockchain technology reduces inefficiencies across patient or provider record keeping.
Blockchain already has a wide range of applications and uses in the healthcare industry, even though it is new. In
the future, blockchain technology will continue to improve security, reliability, privacy, and operational efficiency
in the healthcare industry by offering robust and effective digital solutions.
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