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The paper deals with novel problem statement of estimating predictive clusters 

value for clusters generated in the framework of predictive clustering algorithms 

along with methods to solve it. We investigate separately (as functions of sizes of 

training and validation samples) the two addenda of an prediction error: The first 

one is caused by prognostic submodel (once the cluster to be used to predict is cho-

sen correctly) and the second one is resulted from incorrect choice of this cluster.  
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 1 

,     

Count Train Normali
ze 

Algo PE RMSE 
% 

MAE Non 
% 

Min 

105 104 G W 1 1.82 0.012 0.73 0.00531 

105 105 G W 1 1.023 0.008 0.61 0.00389 

105 106 G W 1 0.89 0.008 0.59 0.00379 

105 107 G W 1 0.83 0.008 0.52 0.00362 

105 104 G W 2 1.45 0.01 0.74 0.0053 

105 105 G W 2 1.027 0.008 0.64 0.00392 

105 106 G W 2 0.87 0.007 0.6 0.00377 

105 107 G W 2 0.78 0.007 0.57 0.00358 

105 104 L F 1 0.781 0.005 0.07 0.00213 

105 105 L F 1 0.774 0.005 0.06 0.00213 

105 106 L F 1 0.774 0.005 0.05 0.00213 

105 107 L F 1 0.773 0.005 0.03 0.00213 

105 104 L F 2 0.762 0.005 0.03 0.00213 

105 105 L F 2 0.733 0.004 0.03 0.00213 

105 106 L F 2 0.714 0.004 0.03 0.00213 

105 107 L F 2 0.702 0.004 0.03 0.00213 

Count –   ; Train –   ; 
Normalize –  ;  Algo –  ; PE 
(Post-education) –     ; RMSE 
–  ; MAE –  ; 
Non –    ; Min – «  -

». 
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   (     
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     0.98  1.23,       
 1.14.      2  -

 :  . 4   -
         

     (   
     ). 

 

 
. 4.   .   . 

   (   ) – 

«  »,   –    

  ,   –   
 

 2 

     

Count Train 
Norm

alize 
Algo PE 

RMSE 

% 
MAE 

Non 

% 
Min 

105 104 G W 1 21.87 0.1637 18.69 0.0551 

105 105 G W 1 16.83 0.1438 19.51 0.0405 

105 106 G W 1 13.89 0.0932 15.13 0.0374 

105 107 G W 1 11.63 0.0874 14.69 0.0359 

105 104 G W 2 17.45 0.1529 16.54 0.0413 

105 105 G W 2 12.64 0.1326 15.34 0.0387 

105 106 G W 2 11.87 0.0874 14.97 0.0368 

105 107 G W 2 10.85 0.0687 13.78 0.0354 
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Count –   ; Train –   ; 
Normalize –  ;  Algo –  ; PE 
(Post-education) –     ; RMSE 
–  ; MAE –  ; 
Non –    ; Min – «  -

». 
,          
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 3 

    

Count Train Norm

alize 

Algo PE RMSE

% 

MAE Non

% 

Min 

105 104 G W 1 0.98 0.00701 0.35 0.00549 

105 105 G W 1 0.83 0.00662 0.29 0.00487 

105 106 G W 1 0.76 0.00627 0.25 0.00449 

105 107 G W 1 0.73 0.00617 0.17 0.00447 

105 104 G W 2 0.87 0.00674 0.37 0.00543 

105 105 G W 2 0.78 0.00631 0.34 0.00452 

105 106 G W 2 0.74 0.00623 0.29 0.00451 

105 107 G W 2 0.67 0.00608 0.23 0.00449 

Count –   ; Train –   ; 
Normalize –  ;  Algo –  ; PE 
(Post-education) –     ; RMSE 
–  ; MAE –  ; 
Non –    ; Min – «  -

». 
,        -

      ,  
   ,    -

, –    ,     , 
          

. 
 

 4 

    2004  (  -
    ) 

 5  17  20  21   

ARIMA 
(%) 

32,31 29,09 33,73 24,18 29,82 

SVM(%) 18,09 13,31 17,11 19,2 16,93 

PSF(%) 16,72 8,31 14,23 18,93 14,55 

PCW(%) 1,94 1,72 1,32 1,94 1,73 

PCW(1)(%) 0,87 0,78 0,64 0,84 0,74 

PCW(2)(%) 0,76 0,72 0,58 0,83 0,69 
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ARIMA –    ; SVM – 
  ; PSF –     

; PCW –      -
   ; PCW(1) –   
        

     ; PCW(2) – 
       -

       . 
 

 5 
    2004  (  -

    ) 

 
 
 

 
 

 
 

 
 

 

DWT(%) 12,94 12,23 16,17 10,01 12,84 

SVM(%) 23,37 15,03 36,18 33,74 27,08 

PSF(%) 15,62 9,12 13,98 10,23 12,23 

PCW (%) 1,33 1,47 1,28 1,11 1,30 

PCW(1) (%) 0,96 0,78 0,83 0,62 0,76 

PCW(2) (%) 0,89 0,81 0,74 0,59 0,72 

DWT –   ; SVM –   
; PSF –     ; 

PCW –        
 ; PCW(1) –    -

        -
    ; PCW(2) –  

         
    . 

 

. 
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