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In statistical analysis, linear models occupy a significant place. Particularly in 

multivariate linear models, parameter estimation and interpretations have a wide range of 

applications in the literature. Studies in this area often focus on explaining a single dependent 

variable with a group of explanatory variables. However, in real-world scenarios, problems 

involving two or more dependent variables simultaneously are frequently encountered. Such 

situations demonstrate the need for more general structures that go beyond classical 

multivariate models. 

This thesis focuses on constrained multivariate linear models and their over-

parameterized version. The aim is to derive analytical formulas for the Best Linear Unbiased 

Predictor (BLUP) and the Best Linear Unbiased Estimator (BLUE) of all unknown 

parameter matrices under these models. However, the constraints on the unknown parameter 

matrix complicate the process within the framework of the given models. In the study, the 

constraints are eliminated using the reparameterization method to overcome this difficulty. 

Thus, for the new models obtained, analytical formulas for BLUP/BLUE of all unknown 

parameter matrices are derived using quadratic matrix optimization techniques. As a result, 

new and valuable features are gained for BLUP/BLUE. 

 

Key Words: BLUP, Multivariate linear models, Quadratic matrix optimization method, 
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Teorem 58 , , ,  ve  de ifade edilebilir. 

2

Ek olarak, la 

na, Dong vd. (2014), Haslett & Puntanen (2010, 2011), Liu & Wang (2013) 
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a silinerek 
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(35) 
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(36) 
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(37) 
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32

 
 

, (39) 

 

, (40) 

 

ve 

 

 
(41) 
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Bu,  ve  modellerindeki 

(45) . 

bir arada . Bu nedenle, (44) ve (45) 

e elde edilen hesaplamalara benzer bir 

    & 

(2023b);  (2024a)  

1.5.2. Yeniden Parametrelendir  

 yeniden 

parametrelendir ). Bu 

  ve  modellerinde,  

 

 

 

, yeniden parametrelend

 

 

 

 

ifadesi elde edilir. Burada  yeniden parametrelend

 ve  modellerinde yerine  

modeller elde edilir: 
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(46) 

 

ve 

 

. (47) 

 

 ve  modelleri de  ve  

tahm   ve  modelleri  

 

lendirme 

getirilecektir  
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Bu tezde, b ile 

yeniden parametrelend  

tir. Daha 

sonra, 

 

 Son olarak, 

 

2.1.  

olarak 

 

(48) 

 

 

 

 

, 
(49) 

 

49 a  
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elde edilir.  

 64. (Gan vd., 2017)  ve  matrisi (56) ve (57)  deki gibi olsun. 

  veya   

ve  veya  ve  matrisleri varsa  modeli 

 veya    veya  

tahmin edilebilir ise  

b)  veya   veya 

 matrisi varsa,  veya  matrisi  

edilebilirdir.   veya  tahmin edilebilir ise  modeli 

 

 

 

i)  matrisi  

. 

ii)  matrisi  modelinde tahmin edilebilirdir . 

iii)   modelinde her zaman tahmin edilebilirdir. 

iv)  matrisi  
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v)  matrisi  
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vi)  matrisi  . 
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 matrisi  ) Tian & Wang, 2020, 
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ifade edilebilir. Buradaki  - (66), Lemma 51 e 

verilen LPO  quadratik 

problemidir. Bu da,   51 

kullan arak, (61) elde edilir. Lemma 31 ve (61) 

kullan arak,  elde edilir. de

(Tian, 2013), Lemma 2.1(a)). 

vd., 2011). (62 en   

 

 

 

 

 

 

 

 

 

olarak bulunur. 
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 ile   
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ve   ve   

 

 

 

 

 



58

 
 

dir. Burada  keyfi bir matris ve  56) ve (57)  

deki  ve  da   

 

 

 

 

elde edilir.            

2.5.  
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T  72.  rasgele bir matris olsun. 

a)   . 

b)  ve  
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 ve  lineer istatistiklerinin beklenen ve kovaryans matrisleri 

 

,   

  modelinde  67) 

 modelinde  78 Elde edilen BLUE 

 ile elde edilen BLUE  lar 
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 ve  67) ve (78)  deki gibi olsun.  
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ler denktir. 

a)   

b)   
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