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ABSTRACT 
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Department of Computer Engineering 

Programming Computer Hardware  

Institute of Graduate Programs, August 2020 

Supervisor: Assoc. Prof. Dr.  UYSAL 

High dimensionality problem is an important concern for short text classification 

due to its effect on computational cost and accuracy of classifiers. Also, short text data, 

besides being high dimensional, has an incomplete, inconsistent and sparse structure. 

Selection of important features that provides a better representation is a solution for high 

dimensionality problem. However, it is a fact that in feature selection process, short texts 

need feature selection approaches that will be least affected by the sparse problem. In this 

study, two feature selection approaches that will work effectively in the short text field 

are presented for this purpose. Firstly, we developed a novel filter feature selection 

method called Proportional Rough Feature Selector (PRFS) which uses the rough set for 

a regional distinction according to the value set of term to identify documents that to be 

exact belong to a class and have a possibility for belonging to a class. Documents which 

are possible to belong to a class are penalized by multiplying with a coefficient named . 

Additionally, the effect of sparsity in the term vector space is calculated with the help of 

rough set. The PRFS is compared with state-of-the-art filter feature selection methods 

such as Gini index, information gain, distinguishing feature selector, recently proposed 

max-min ratio and normalized difference measure methods. The comparison is carried 

out using various feature sizes on four different short text datasets with Macro-F1 success 

measure. Experimental results demonstrated that the PRFS offers either better or 

competitive performance with respect to other feature selection methods in term of 

Macro-F1. This study may be a pioneering study in this research field as it proposes a 

novel feature selection method for short text classification using rough set theory. 

Secondly, this study presents a new filter feature selection method called XY 

method which represents the features on XY line and calculates the distance of a feature 

to the XY line. Also, a value like  is calculated. According to this value, the terms are 
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divided into different regions such as negative, positive, and third. The XY method aims 

to select as few terms as possible in the negative region. The XY method is compared 

with well-known filter feature selection methods such as chi-square, information gain, 

deviation from Poisson distribution, recently proposed max-min ratio, and distinguishing 

feature selector methods. The comparison is carried out using various feature sizes in 

order to make a fair evaluation on four different short text datasets with Macro-F1 success 

measure. Experimental results demonstrate that the XY method offers either better or 

competitive performance with respect to other feature selection methods in term of 

Macro-F1.  

 

Keywords: Short Text Classification, Rough Set, Feature Selection, Text Mining. 
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1.  

Son  bilgi teknolojisinin 

-

 

bu verilerin  

. , CNN ile ilgili haberler, Wall Street Journal web 

sitesinde listelenen maka

 

Ancak bu bilgi toplama ve yayma merkezlerinde insanlar sadece ilgilendikleri web 

r, al . Bu da metin verisinin 

 (veya belgeleri) verimli  endekslemek ve web 

Fakat metin verilerinin hacmi 

b

. B  de metin kategorizasyonu 

. 

  200 

 Sosyal medya, e-

-cevap web sitelerindeki 

Twitter, Short Message Service-

SMS)   web  Bu 

(Information Retrieval-IR) ve web 

 

.  

K a metinlerin  
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1 

hem de hesaplama mali

 metin 

mektir. Li ve ark. 

(Yang, Q., & Li, 2013) 

 

(Rashid, Shah, & Irtaza, 2019), (Khan, Chowdhury, Ngo, & 

Apon, 2020), (Lochter, Zanetti, Reller, & Almeida, 2016) 

 

nitelikler 

                                                 
1 

iki kavr  
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nitelik 

nitelik  

nitelik 

nitelik 

 

00-250 

Ancak 

metinleri 

 

1.1.  Hedefleri 

hala bir zorunluluktur. 
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la 

 

 

(Proportional Rough Feature Selector-PRFS) 

 istatiksel  

 

 

o 

 

o Terimin  

o 

sunma 

o 

 

 

o  

bilgisini de dikkate alarak  

o 

tedir. 

1.2.  Tez Organizasyonu 
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2.   

2.1.   

 

b siteleri, kitaplar, e- , makaleler, 

rek, 

 

bilimler ve hesa

modeli, do

ile 

, 

 

2.1  
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2.1.  

 

 

2.1.1.  -Processing) 

   

 lerin anlamsal 

dizini olarak da bilinir.   

 i temizleme rin 

) 

 Gereksiz kelimeleri  

  

 ni ma 

  

 -  

  (varsa kelimede ekin ). 

normalizasyonu da 

okenizasyon 

(tokenization), stop-word removal

lowercase conversion stemming
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2.1.1.1.  Tokenizasyon (Tokenization) 

lime 

veya hece gibi dizgelere 

. 

2.1.1.2.  D Stop-word removal) 

Durma -

 

2.1.1.3.  harf d conversion) 

 

 

2.1.1.4.  bulma (Stemming) 
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-prefix 

algorithm) Can ve ark.  

(Porter, 1980)  

2.1.2.  extraction) 

 

 bag of words-BoW) (Aggarwal & Zhai, 2012) ve Word2Vec 

 

2.1.2.1.  The bag of words) 

 N-gram olarak da bilinen i 

. 

- -gram (bigram), 

- -gram kadar devem eder. 

2.1.2.2.  Word2Vec 

n 

. Daha sonra 

temsil edilir ve o ise 

 

(Continous Bag of Words) ve Skip-Gram. 

2.1.3.  Feature Weighting)  
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TF-IDF (Jones, 1972), TF-PB (Liu, 2009), TF-IGM (Chen K. Z., 2016)ve TF-IDF-ICF 

(Ren, 2013) TF- 

IGM imp ve SQRT_ TF-IGMimp (Dogan & Uysal, 2019) 

a -

 

2.1.3.1.   (Binary weighting) 

rma (Binary weighting) 

 

 (2.1) 

  

2.1.3.2.  Terim frekans-Ters d f -IDF) 

terim frekans-

(term frequency-inverse document frequency-TF-IDF) (Sparck Jones, 2004) 

ile belirli bir belgedeki gerekli bilgileri temsil eden benzersiz kelimeler 

metinden . 

TF-

-IDF: 

 
 

(2.2) 
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D  ise ti 

 

2.1.4.    

 

 

filtre (filter), sarmala  (wrapper) ve 

. Filtre 

n  Filtre 

i 

Sarmala   

 en iyi temsil eden terim sini 

. sarmala  

  

(Wang & Hong, 2019)
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2.2.  

 

2.1.4.1.  d y  

.  

 

Improved Gini index-IGI) , 

 (distinguishing feature selector-DFS) (Uysal & Gunal, 2012), global  

(global information gain-GIG) (Shang, Li, Feng, Jiang, & Fan, 2013),  

(class discriminating measure-CDM) (Chen, Huang, Tian, & Qu, 2009), 

 (multivariate relative discrimination criterion-MRDC) (Labani, 

Moradi, Ahmadizar, & Jalili, 2018),  (



13 
 

ratio)  (Wang, Li, Wei, & Li, 2009), 

(normalized difference measure-NDM) (Rehman, Javed, & Babri, 2017) ve max-min 

max-min ratio-MMR) (Rehman A. , Javed, Babri, & Asim, 2018) gibi metotlar en 

 

 

(Gong, Zeng, & Zhang, 2011) 

frekanslar

(Tutkan, Ganiz, & 

 

(Bharti & Singh, 2015) 

(Yao, Liu, 

Zhang, & Wang, 2017),  (Wang & Hong, 2015), (Shamsinejadbabki & Saraee, 2012) yine 

 

 

yakl

(Chen, Jiang, Li, & Li, 2013) sezgise

(Lu, Liang, Ye, & Cao, 

2015) 

hibrit edilmesiyle Abualigah ve (Abualigah & Khader, 2017) 

(Kushwaha & Pant, 

2018)   

  arametre tahmini, 

 (Tommasel & 

Godoy, 2018a) ve (Li, Lu, Sun, & Xing, 2017) 
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2.1.4.2.  Performans k ya ve s s i d  

B nite

nin 

 

 

  

2011) (Ogura, 

Amano, & Kondo, 2011) ise dengesiz veri 

(Baccianella, Esuli, & 

Sebastiani, 2013) 

Tommasel ve Godoy (Tommasel & Godoy, 2018b) 

 

 

(Guru, Suhil, Raju, & Kumar, 2018) ve 

(Agnihotri, Verma, & Tripathi, 2017)  

2.1.5.   

 

sisteminin ana 2.  

 

2.3.  
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2.2.   

nitelik nitelik  

nitelikleri 

(Forman, 2003). 

tur. Ancak bu 

, ler  

  nitelik ; 

mesafe,  ya  

ki  Bu 

istatiksel fonksiyonlar nitelik 2 

nitelik puanlara nitelikler  

(Chandrashekar & Sahin, 2014).   2.4'de 

  

 

2.4.  

 

2.2.1.  Bilgi (Information gain-IG) 

(information gain-IG) (Yang & Pedersen, 1997)  tersi olarak 

 

matematiksel  gibi ifade edilir: 

                                                 
2  

ya da 
Performans 
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(2.2) 

 

 ,   

ve   terim    olma ve  terim var 

  olma mektedir

 ve   ise  belirtmektedir. 

2.2.2.  Ki-kare (Chi-square-Chi2) 

Ki-kare (Chi-square-Chi2) (Li & Chung, 2008) 

nitelik , 

 

 

 (2.3) 

 

N ve E t teriminin ve C 

 

edilir: 

 (2.4) 

 

  

2.2.3.  -GI) 

Gini - -GR) 

(Priyadarsini, Valarmathi, & Sivakumari, 2011) 

olarak sunulan bir metottur 
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 (2.5) 

 

Form ldeki   terimin  

belirtmektedir. 

2.2.4.  Deviation from poisson distribution-DP) 

eviation from Poisson distribution-DP) (Ogura, 

Amano, & Kondo, 2009) 

 Poisson 

l nitelik 

Nihayetinde, DP 

ki gibidir: 

 

 

 

 

 

 

(2.6) 

 

 ve  ,   

verisindeki   ve  ,  an ve 
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 (2.7) 

2.2.5.  Distinguishing feature selector-DFS) 

nitelik 

 

 (2.8) 

 

 ve   

ve   

2.2.6.  Normalized Difference Measure-NDM) 

M

(Forman, 2003)  

 

 (2.9) 

 

 ve   ve  

 

2.2.7.  Max- ax-min ratio-MMR) 

MMR, bir terim  o terime 

 

 (2.10) 

 ve   ve  
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2.3.   

daha 

 

temel  Bu 

 

ler 

dayanan birer nitelik niteliklerin 

 

 

2.3.1.  Support vector machines -SVM) 

  versiyonu 

 (Joachims, 1998). 

(w) ve uzaydaki tam konumu ( ) ile k

 

 (2.11) 

 

 ve  hiper 

5 ve ) 

-

 

 

2.5. Maks-  
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tir ; 

 (2.12) 

 

 

 

 

  

(2.13) 

 

Burada   ve  

Bu nedenle maliyeti en aza 

konudur

 

 (2.14) 

 

 Lagrange  

etiketidir. 

2.3.2.  K- K-nearest neighbors-KNN) 

K- k

olmayan bir tekniktir . Bu me

ir test belgesi  

 mak ve  

puan  belgesinin  

kategorisinin skoru olabilir. 6  
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2.6.  

 

Euclidean Manhattan ve Minkowski 

 KNN 

7  

 

 

 

 

 

 

2.7.  

 

Minkowski  

 (2.15) 

 

ise Manhattan ve ise Euclidean

 

 Veri analiz et 

K parametresini 
belirleme 

 
 

Euclidean 
Manhattan 
Minkowski 

 

bulma 

 Verileri etiketle 

k tane 

bak 

 Karar ver 
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2.3.3.  -DT) 

(Aggarwal & Zhai, 2012)

(Magerman, 1995) ve J.R. Quinlan (Quinlan, 1986) 

ebe

 pozitiflik ve  negatiflik   

 (2.16) 

 

 , 

  

 (2.17) 

 

 

 (2.18) 

 

 

2.3.4.  Naive bayes (NB) 

Thomas Bayes  (Pearson, 

1925)  

 (2.19) 
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 ve ;  

durumda  ,   

gelme,  ve   

 

2.4.   

(Pawlak, 1998), (Zhang, Xie, & Wang, 2016) 

  KKT 

 

indirgeme nitelik nitelik 

 (Cekik & Telceken, 2018), (Zhao, Wang, & Hu, 

2016), (Zheng, Diao, & Shen, 2015). 

 

Tablo 2.1.   

     d 
 1 2 0 2 1 
 0 2 1 1 1 
 1 1 2 2 3 
 2 2 2 3 4 
 2 2 1 3 3 
 1 1 2 2 2 
 0 1 1 1 1 
 2 2 0 3 2 

 

  bir karar tablosunu veya bilgi sistemini 

   

 

  olan  

 

 (2.20) 

 

Burada,   olarak ifade edilir. 
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ifade etmektedir. Herhangi bir  nesne alt   

   ve  

   ve  

 

 
(2.21) 

 

( , ) 

 

belirler.  ise   ise 

  2.1 

 ve  ise  

 

 olur. 

Burada   

, 

Pozitif (Positive- ), Negatif (Negative- Boundary- ) 

2.8  

 

 

 

 

 

 

 

 

 

2.8.  

 

 

 

   
 

  

  

  

  
 

   - 
 Kesinlikle ait olmayan 
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 ve   

  

 

 

(2.22) 

 

 

 ve 
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3.    

 

ir (Song, Ye, Du, Huang, & Bie, 2014).  

ne ve metinlerin korelasyonuna daha 

fazla dikkat edilir. -

2014) 

. Liang ve ark. (Liang, Xie, Rao, 

Lau, & Wang, 2018) etiketsiz 

r. Geleneksel metin 

  

 

-

(Dai & Le, 2015), (Duan, Luo, & Zeng, 2020) 

ve   
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e learning methods) devreye girmektedir. 

hesaplayarak nit

  seyreklik problemine . (Yan, Cao, & Li, 

2009) 

 

IG, GR, GI, Chi2 (X2), -MI) 

(Sharmin, Shoyaib, Ali, Khan, & Chae, 2019) ve DP, vb. 

 da DFS, NDM, MMR ve MRDC 

 

 

temeli  

  

ezberlemesine neden olabilir.  sunulan itelik 

  

 

kullanmaz.   -

 MI, bir  

 tercih 
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(Ogura, Amano, & Kondo, 2009).  

, 

 

ri olan RDC, Rehman ve ark. (Rehman A. , Javed, Babri, 

& Saeed, 2015) 

 ler 

,  Her 

hesaplayan 

Labani ve ark. (Labani, Moradi, Ahmadizar, & Jalili, 2018) 

indirgenebilecek 

Yine Rehman ve ark. (Rehman, Javed, & Babri, 2017)  dengeli 

, NDM 

. 

(Rehman A. , Javed, Babri, & Asim, 2018) Wang 

ve Ming  (Wang & Hong, 2019) 

yani Hebb rule based feature selection (HRFS)  

   

ard Search (LFS) (Gutlein, Frank, Hall, & Karwath, 

2009), Span-Bound ve RW-Bound  

(Ghareb, Bakar, & Hamdan, 2016), FSS (Bermejo, De la 

, HybridBest ve HybridGreedy (Chou, Sinha, & Zhao, 

2010) 
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Chouchoulas ve Shen (Chouchoulas & Shen, 1999) 

  kullanarak 

 azaltan minimum bir koordinat anahtar 

irtir. Li ve ark. (Li, Shiu, Pal, & Liu, 2006) 

; 

nerilen 

ilk olarak gereksiz 

azaltmaya 

 Qasem ve 

Ghufran (Al-Radaideh & Al-Qudah, 2017) luluk etkisini azaltmak 

uygu bir 

. Miao ve ark. (Miao, Duan, Zhang, & Jiao, 2009) 

 hem Rocchio hem de K

rildi. KKT 

 (Bekkali & Lachkar, 2019), (Gupta, Aha, & Moore, 

2006), (La, Cao, & Xu, 2019), (Shi, Ma, Xi, Duan, & Zhao, 2011), (Singh & Dey, 2005). 
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nitelikleri bireysel  

nitelikleri  

  de kaba 

nitelik nitelik 

  

(Jensen & Shen, 2008)  nitelik 

QuickReduct (QR) metodu . nitelikler 

tek tek eklenir. nitelik nitelik 

. 

am eder. Herhangi bir 

nitelik 

Reduct   nitelik 

 eni metotlar 

ReverseReduct  (Jensen & Shen, 2008) metodu bunlardan biridir. 

nitelik 

  

hesaplar. 
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4.  IRMA 

-ticaret, 

 ve sosyal medya gibi platformlar ortaya 

 

gelen gereksiz maillerle muhatap olmak istemezler ya da sadece ilgilendikleri web 

ister Bu durum metin verisinin 

 (veya belgeleri) verimli  endekslemek ve web 

 

 

 metinler elektronik ortamda genel olarak  200  

 

  

  

  

 derileri 

  

  

  

(Yan, Cao, & Li, 

2009)

ilgili problemleri 
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(Song, Ye, Du, Huang, & Bie, 2014). Bu 

 

 

 Seyreklik Problemi (Sparsity) 

 Problemi (High Dimensionality) 

 

 

                   Tablo 4.1.  

 
az kelime 

 
 

olma olma 

dengesiz 

olma 

az etiketli 

olma 

Seyreklik Problemi 
 

   
 
 

 

Boyutluluk Problemi      

 

 

 

4.1.   
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4.1.1.   

metinler 

ilemektedir. 

4.1.2.   

Bu durum 

getirmektedir. 

4.1.3.   

uygun olmayan b

 

4.1.4.   
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4.1.5.   

ilgili bir durumdur. 

li 

 

4.2.   

v

 

4.2.1.  Seyreklik problemi 

 

 bir 

kelimen

 

4.2.2.   
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5.  

(PROPORTIONAL ROUGH FEATURE SELECTOR- PRFS)3 

5.1.  Motivasyon 

 

yeteri kadar veri olmayan bu problemlere 

 

 

bu alanda kul

 

5.2.  PRFS  

Proportional Rough Feature Selector- 

PRFS) 

n tane 

 

 Tam veya k  

                                                 
3 Expert Systems with Applications A Novel Filter Feature 

Selection Method Using Rough Set for Short Text Data  
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 Ya da  tespit edilebilir. 

 

1. terime 

  

terimin 

beklenir.  

2. 

nispeten  

3. 

normal . 

4. 

 

5. 

nispetten  

6. 

 

in yap

 (Member Section-MS) ve 

Non-Member Section-
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 MS: ni 

 NMS: a ait olmayan dokumanlar 

 

 

 
5.1.  

 

 

maddeler eklenebilir: 

6.1 

e

 o

beklenir. 

6.2 

e

en 

 

P

r
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Diyelim ki    ve 

  ,  ad

  

 

 

 

 

   

(5.1) 

 

 (5.2) 

 

  ve   ve  

 ve abs ifade etmektedir.  

 ve   

belirtir.  

Daha sonra seyreklik pozisyonu (Sparsity Position- ) 

  

  (5.3) 

 

, verilen  t 

 ise t-  denklik 

 t 

5.1   
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{D1, D4, D5, D6}  ise {D1

, {D1, D4, D5, D6} ve {D1  

= {D4, D5, D6 MS = {D2} ve NMS = {D3} olur. Nihayetinde gerekli 

 

 (5.4) 

 ,  

 (Bkz.  

5.1 d .  

  {D2, D3}   pozitif 

o  

  iken   

{D5, D6}   -n 
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5.2. PRFS metodun mimarisi 

 

rnek:  

Tablo 5.

 

 

Tablo 5.1.  

   
D1 kedi C1 

D2 kedi  C1 

D3 kedi  fare C2 

D4 kedi fare C2 

D5 kedi  C3 

D6 kedi  fare C3 
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 terimi 

teriminin  

C3 

6 nolu madde 

yerine eklenen maddelere bakmak gerekir. kedi  

 

 

hesaplanan .  hesaplanan "kedi", 

 ve "fare" , "fare" skorunun "kedi" ve  

  

5.3.   

Makro-

nitelik len 

nitelik nitelikleri 

 PRFS'nin performans 

ermek 

 tablo olarak  

5.3.1.   

nitelik  mek 

 , 425 spam ve 450 
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Short Message Service-

 (Nuruzzaman, Lee, & Choi, 2011), (Uysal A. K., Gunal, 

Ergin, & Gunal, 2013). Etiketli leri (Sentiment Labeled Sentences-SLS) 

 ler 

amazon.com ve imdb.com  elde edil (Kotzias, Denil, De Freitas, 

& Smyth, 2015). 

  veri 

 YouTube videosunun 

(Alberto, Lochter, & 

Almeida, 2015). 

(All YouTube Spam Collection-

(Go, Bhayani, & Huang, 2009). 

5.2'd  

Tablo 5.2. D  

   Test verisi  

SMS 

Legitimate 315 135 1825 

Spam 297 128 1825 

SLS 

Pos 1000 500 3078 

Neg 1000 500 3078 

AYSC 

Legitimate 665 286 2380 

Spam 703 302 2380 

Sentiments 

Pos 13646 8876 10000 

Neg 13148 6124 10000 

 

5.3.2.  -F1 

F1- -  

F-

. Makro-
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ozitif olarak 

Makro-

 

 

 

(5.5) 

 (5.6) 

 

( )  

5.3.3.   

nitelik nitelik 

ki 

KNN, DT 

-F1 , her 

ekil 5.3-5.

nitelik 

1500 

boyut nitelikler  

kro-F1 

100 boyutta SVM ve DT 

ve 300 boyutta NB kro-F1 

boyut 100, 300 ve 700 SVM ve boyut 300, 500 

ve 1500  KNN, boyut 20, 100 ve 300 DT ve boyutlarda 

NB 5.6'da PRFS'nin SVM ve 

kro-F1  

zlemledik. 
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                                                             (a) 

  

 

 

  
                                                             (b) 

  

 

 

 
 

 

                                                             (c) 
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                                                             (d) 

5.3. SMS KNN (b), DT (c) ve 
Makro-   

 

 

 

 

 
 

 
                                                             (a) 

  

 

 

  
                                                             (b) 
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                                                             (c) 

 

 

 
 

 

                                                             (d) 

5.4. SLS K
Makro-  

 

 

 

 

 
 

 
                                                             (a) 
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                                                             (b) 

  

 

 

 
 

 

                                                             (c) 

 

 

 
 

 

                                                             (d) 

5.5. AYSC KNN (b), DT (c) ve 
Makro-   
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                                                             (a) 

  

 

 

  
                                                             (b) 

  

 

 

 
 

 

                                                             (c) 
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                                                             (d) 

5.6. Sentiments KNN (b), DT (c) ve 
-   

 
 

Tablo 5.3 ekil 5.3-5. -F1 

 

nitelik , nitelik 

5.3 

nitelik 

  i rirken 

 sonucu verirken ancak 

el olarak iyidir. Bu tablo 

boyut 100'de SVM 

kull  kro-F1 skorlar elde edilirken

nedenle Tablo 5.3 

kulla  -F1  

durum  , SMS ve SLS veri 

 Makro-F1  

bu veriler PRFS'nin ortalama Makro-F1  

. 
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Tablo 5.3. 
-  

  Makro-F1 

  DFS MMR IG GI  NDM PRFS 

        

 SMS 91.63 90.53 90.55 91.37 90.53 91.98 

SVM Sentiments 65.06 63.78 65.46 64.89 63.86 65.54 

 AYSC 83.94 86.17 87.19 86.35 86.17 87.77 

 SLS 73.30 71.09 72.95 72.59 71.09 74.54 

        

 SMS 90.79 88.10 89.53 88.82 88.10 89.98 

KNN Sentiments 53.78 52.59 54.09 53.13 52.59 53.60 

 AYSC 66.35 70.97 67.89 70.63 70.97 69.56 

 SLS 61.34 62.08 60.86 64.19 62.08 63.46 

        

 SMS 90.14 90.43 90.06 90.52 90.43 90.54 

DT Sentiments 62.62 60.98 63.43 61.86 60.99 62.23 

 AYSC 83.42 87.11 85.98 86.36 87.11 86.64 

 SLS 72.74 69.27 71.90 71.10 69.27 73.64 

        

 SMS 93.36 91.95 92.91 93.17 91.95 93.44 

NB Sentiments 64.66 64.07 65.35 64.54 64.07 65.41 

 AYSC 79.43 81.56 81.37 81.46 81.56 81.74 

 SLS 74.62 72.05 74.26 73.64 72.05 75.64 

 

Verilen grafikleri (Bkz. ekil 5.3-5.6

nitelik  (pik) ni  

 Tablo 5.4 . Tablo 5.4

kullanarak pik  nitelik lerini 

mektedir.  Tablo 5.4  
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Tablo 5.4. setler kro-F1 skorunu - ) 
nitelik  

 Makro-F1 

 SVM KNN DT NB 

SMS PRFS DFS PRFS PRFS, IG 

Sentiments PRFS IG IG PRFS 

AYSC IG PRFS PRFS DFS 

SLS PRFS PRFS PRFS GI 

 

Tablo 5.5 nitelik 

mektedir nitelik 

 

nitelik el olarak analiz 

nitelik 

, Tablo 5.5'deki PRFS 76.04 skoru, SVM 

 boyut 20 -F1  

5.5 

nitelik 

belirtilebilir

nitelik nda ilebilir. 

 

 

 

 

 

 

 



53 
 

Tablo 5.5. 
-  

  

 

 

 

  Makro-F1 

 . Boyut DFS MMR IG GI NDM PRFS 

        

 20 70.50 72.61 75.12 74.86 72.74 76.04 

 100 78.91 77.71 79.71 77.90 77.71 80.04 

 300 79.96 79.14 79.69 80.46 78.14 80.69 

SVM 500 80.81 78.80 80.25 80.04 78.80 81.84 

 700 80.53 79.39 79.72 79.80 79.39 81.08 

 1500 80.20 79.72 79.73 79.75 79.71 80.08 

        

 20 54.69 55.85 52.97 56.91 55.85 55.85 

 100 66.18 67.77 67.84 68.80 67.77 68.32 

 300 70.14 70.93 71.15 71.34 70.93 71.22 

KNN 500 72.77 71.30 71.46 72.79 71.84 73.23 

 700 72.85 71.84 72.69 72.79 71.84 73.37 

 1500 71.79 72.91 72.44 72.35 72.91 72.91 

        

 20 69.54 72.03 74.04 72.35 72.03 74.86 

 100 78.30 76.76 78.52 77.86 76.77 78.96 

 300 79.08 78.39 78.69 79.23 78.38 79.18 

DT 500 78.92 78.25 78.66 78.60 78.25 79.08 

 700 78.84 78.07 78.61 78.33 78.06 79.12 

 1500 78.70 78.22 78.55 78.36 78.23 78.38 

        

 20 69.60 71.04 73.37 72.54 71.04 74.32 

 100 78.60 77.37 77.82 77.45 76.20 78.98 

 300 79.97 78.84 79.87 79.61 78.53 80.63 

NB 500 80.45 77.74 79.98 79.93 79.22 80.53 

 700 79.97 79.61 79.79 79.50 79.61 79.88 

 1500 79.53 79.84 80.02 80.17 79.84 80.01 
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5.7'de nitelik 

ortalama Kesinlik (Precision) ve   

 

 
 

 
                                                             (a) 

  

 

  
                                                             (b) 

  

 

 
 

 

                                                             (c) 
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                                                             (d) 

5.7.  
Precision ve Recall  

 

Kesinlik'te  

nitelik  

 

5.4.   

nitelik 

. KKT kullanarak nitelik 

elinde her bir terimin 

 lere 

ap

.  

 

a bu alanda 

Bununla birlikte 

, arak 
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6.  : XY METOT 

6.1.  Motivasyon 

n

 

 

 

6.1.  
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6.2.   

XY Metot  
4 

  

1. 

bir  koordinat 

 t terimi C1 C2 

C1 C2 

 

2. 

 

 

 

 

 

 

6.2.  

 

  

 (6.1) 

 

 ve  gibi 

  

                                                 
4   

 

. 
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istinaden bu   

  

 (6.2) 

 

3. 

 

4.   

 

 (6.3) 

 

5.  

 

 

 (6.4) 

 

Burada  ,  

t 

 

 

 ve   terimin 

 

  

gereksiz 

,  ve bu  
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negatif, pozitif   

  

  

 

 

 

 

 

 

6.3.  

 

 

lamda ( )  .  

 bir terimin  ve  

  

 

 

 

(6.5) 

 

Pozitif 
 

Negatif 
 

Pozitif 
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 ancak orijin

skoru   ancak terim pozitif 

 

 

.1 ydu. Bu basit 

 (Bkz. Tablo 5.1). 

XY 

  

4  

 

 

 1 

 

 

 

 2 
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6.4.  

 

 

 

 

 

 

 

 

bir ifade ile  

 

 

 3 
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2 

 

hesaplana  ve  terimlerinden az  teriminkinden 

 

 

 

6.3.   

-

 ve 5.6). lamda 

 

nitelik 

nitelik 

nitelikleri ir. 

6.3.1.  Lamda ( )  

Lamda 

gerektirir.   

koleksiyonunda terimi, 

 terimi,   

 

     imin 
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Lamda 

5

 

 

Makro-F1  5

 

 

6.5. 
 

  

5  ve  

 

Lamda 

  , IG, DP, Chi2, MMR ve DFS 
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Tablo 6.1.  

 IG XY DP Chi2 MMR DFS 

SMS 0.054 0.042 0.052 0.052 0.092 0.044 

AYSC 0.112 0.092 0.112 0.104 0.190 0.098 

SLS 0.188 0.114 0.164 0.164 0.408 0.126 

Sentiments 0.744 0.690 0.750 0.760 0.986 0.728 

 

 

6.3.2.   analizi 

nitelik nitelik 

er bir ki 

dereceli 30, 100, 200, 400, 600 ve 10 KNN, DT 

-F1 , her 

ekil 6.6-6.  

metot ve PRFS metodunun 

 gerekir. 

boyut nitelik nitelikler ile SVM 

  kro-F1  elde 

Sentiments  durum nitelik . Benzer 

SLS sinde kro-F1 , boyut 30, 100 ve 200 

  AYSC veri 

boyut 30 ve 100 de, Sentiments boyut 100 ve 600 

nitelik  boyut 30, 200 

ve 1000  KNN, boyut 100, 200, 600 ve 1000 DT  

kro-F1  Sentiments boyut 30 

nitelik nda  elde edilir. 

6.9'da, XY metodun SVM  kullanarak 

kro-F1  
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                                                             (a) 

  

 

 

  
                                                             (b) 

  

 

 

 
 

 

                                                             (c) 
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                                                             (d) 

6.6. SMS 
Makro-  

 

 

 

 

 
 

 
                                                             (a) 

  

 

 

  
                                                             (b) 
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                                                             (c) 

 

 

 
 

 

                                                             (d) 

6.7.  SLS 
Makro-  

 
 

 

 

 
 

 
                                                             (a) 
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                                                             (b) 

  

 

 

 
 

 

                                                             (c) 

 

 

 
 

 

                                                             (d) 

6.8. AYSC 
Makro-  
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                                                             (a) 

  

 

 

  
                                                             (b) 

  

 

 

 
 

 

                                                             (c) 
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                                                             (d) 

6.9. Sentiments 
-  

 

6.2-6.5 

nitelik 

nitelik 

 6.2'de , 

nitelik ya . Bu nedenle, Tablo 6.2'de 

 

Tablo 6.2. SMS veri k kro-F
 

   

 30 100 200 400 600 1000 
XY 

 
SVM XY XY DFS MMR XY, DP, Chi2 XY, DFS 0.8333 

KNN XY, DFS IG XY IG DP, Chi2 XY 0.5000 

DT XY Chi2, DP # XY XY XY 0.8333 

NB DP,Chi2,IG XY,PRFS PRFS Chi2,IG, 
DP,PRFS 

PRFS PRFS 0.1667 

"DFS "  
"# "  
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Tablo 6.3. SLS veri k kro-F
 

   

 30 100 200 400 600 1000  

SVM XY PRFS PRFS PRFS XY XY, Chi2, IG 0.8333 

KNN MMR XY, Chi2 IG DFS DFS PRFS 0.3333 

DT PRFS PRFS PRFS PRFS DFS DFS 0.0000 

NB XY XY XY PRFS DFS MMR 0.5000 

"DFS "  
 

Tablo 6.4. AYSC veri k kro-F
 

   

 30 100 200 400 600 1000  

SVM XY, IG XY XY, IG, PRFS DP XY XY 0.8333 

KNN MMR MMR MMR PRFS PRFS PRFS 0.0000 

DT XY MMR MMR MMR MMR MMR 0.1666 

NB IG XY PRFS PRFS PRFS PRFS 0.1667 

 

Tablo 6.5. Sentiments veri k kro-F  
 

   

 30 100 200 400 600 1000      

SVM XY XY XY XY XY XY, PRFS 1.0000 

KNN XY Chi2 PRFS PRFS PRFS PRFS 0.1667 

DT DFS XY XY XY XY DFS 0.6666 

NB MMR XY XY, PRFS XY, PRFS XY XY, PRFS 0.8333 

 

Verilen grafikleri 6.6, 6.7, 6.8 ve 6.9

 nitelik 

6.6 sunul . Tablo 6.6'da

nitelik 

6.6 nin kro-F1 

en iyi 

ve  SMS veri 

  ni 
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Tablo 6.6. setler kro-F1 skorunu -
nitelik  

 Makro-F1  

 SVM KNN DT NB XY  

SMS DFS, XY XY XY DFS, XY, PRFS 1.0000 

Sentiments XY, PRFS PRFS XY, DP XY, PRFS 0.7500 

AYSC XY MMR MMR XY 0.5000 

SLS XY PRFS DFS DFS 0.2500 

XY  1.0000 0.5000 0.5000 0.7500  

 

Tablo 6.7'de

nitelik 

mekteyiz nitelik 

 nitelik 

nitelik 

 

 

6.7'de

 boyut nitelikte -

6.7 

 

nitelik  
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Tablo 6.7. 
-  

 

6.3.3.   

edilebilir (Wang & Hong, 2019): 

  ;   

  Makro-F1 

 . 
Boyut 

DFS Chi2 IG DP MMR XY 

        

 30 75.5925    76.7050    76.5925    76.0500    73.9275    77.8850    

 100 78.6500    78.3150    78.4625    78.2875    77.1750    79.7375    

 200 80.0875    79.8800    79.9225    79.8825    78.9425    80.6550    

SVM 400 80.5175    80.4800    80.6150    80.7800    80.1125    80.9475    

 600 81.3975    81.2875    81.5600    81.4225    80.7200    82.0300    

 1000 81.6025 81.7325 81.7650 81.2000 80.4725 82.2775 

        

 30 55.7150    55.9100    57.8825    56.8650    59.8350    58.7950    

 100 65.2050    66.9375    67.4375    66.9525    66.7500    67.3550    

 200 69.2725    69.6025    69.8925    69.3950    69.4375    69.9575    

KNN 400 70.2250    71.0000    71.3675    70.9525    70.8900    71.6500    

 600 72.7000    72.4700    72.2275    72.4250    72.3500    73.2375    

 1000 72.5050 72.6925 72.7725 72.6825 72.5775 73.3100 

        

 30 75.5450    74.5175    74.7800    74.5350    73.5850    75.2525    

 100 78.2025    78.4075    78.4275    78.3025    76.6575    78.4250    

 200 78.7825    78.7875    78.6275    78.6975    78.1900    79.1675    

DT 400 79.1625    79.0400    78.9950    79.0050    78.4725    79.6875    

 600 79.1525    78.5025    78.4625    78.3950    77.6500    79.6275    

 1000 78.7450 78.5350 78.4450 78.5050 78.3525 79.4500 

        

 30 70.4850    71.8825    73.9225    71.8575    71.0575    74.2575    

 100 78.7300    78.1200    77.9000    78.1725    75.8350    78.9750    

 200 79.1425    78.5475    78.0550    78.4000    77.8650    79.3625    

NB 400 79.0075    78.8200    78.8925    78.8450    78.3025    79.8250    

 600 79.2175    78.7950    78.7125    78.9275    78.8025    79.6800    

 1000 79.3100 79.1800 79.1100 79.2350  78.9975 79.6750 
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  terim ;   

  ;  ifade edilir. 

sel 

 

, PRFS 

 

6.4.   

 

etkili b metot  nitelik 

metot e olan 

  belge 

 

 

lamda 

 Bu bilgi bu 

 den
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7.   

, makine 

ile temsil edilen 
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performans

olan 

lamda 

lamda 

Lamda 

bu durumu destekler 
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