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   1 

:  PolyAnalyst-      
 (Data mining) 

 

:  PolyAnalys  
 : , ,  ,  

.  

1.  

 

 « »  
 — PolyAnalyst.  PolyAnalyst  

 
. PolyAnalyst  

, ,  
, ,  

, .PolyAnalyst  
 20 : 

, , , .  -  
 Data  mining  .   

PolyAnalyst  Exploration engines  -  
,  DM ,  

.  Megaputer Intelligence ,  
 PolyAnalyst,  DM  

.  

 

, PolyAnalyst .  
 PolyAnalyst Workplace.  

 - PolyAnalyst Knowledge Server.  
:  

. PolyAnalyst ++  
Microsoft's COM (ACTIVEX).  

.  (Exploration Engines)  
 PolyAnalyst  

.  PolyAnalyst , , 
,  CRM  ERP . 

1.1.  PolyAnalyst 

 PolyAnalyst  
. PolyAnalyst 

,  
, ,  

,  
, . 
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PolyAnalyst  20  
: , , , .  -  

 
Data mining .  

 PolyAnalyst   Exploration  engines   -  
,  DM ,  

.  Megaputer Intelligence ,  
 PolyAnalyst,  DM  

.  

 PolyAnalyst  :  

  
Find Laws Algorithm (FL)  Symbolic Knowledge Acquisition Technology, 

 
Find Dependencies Algorithm (FD)  N-dimensional distribution analysis, N-  

  
Cluster Algorithm (FC)  Localization of Anomalies, N-  

  
PAY Algorithm (MB)  Memory Based Reasoning and Genetic 

Algorithms hybrid,  " "  
  

Market Basket Analysis (BA)  Transactional clustering and directed association 
rules,  

    
Linear Regression (LR)  Stepwise Linear Regression, 

 
  

Classify Algorithm (CL)  Fuzzy logic classification,  
,    

FL,  PN,  MB,  LR  
Disciminate (DS)   CL,  

  
Decision Trees (DT)   " ",  

  
Decision Forest (DF)   « »,  

  
Text Analysis (TA)  ,  

 
 Data mining   

Link Analysis (LA)   
   

Summary Statistics (SS)      

 

 Data 
mining - PolyAnalystOn-line Tutor 
<http://www.megaputer.ru/content/production/pa/tutor_eng/index.html>.  PolyAnalyst 

 
, ,  

,  
.  

   PolyAnalyst   Data  Mining  ,  
 Intel  Microsoft Windows.  

 Data  Mining  ,   IBM (Intelligent  Miner,  Data  Miner),  
Silicon Graphics (SGI Miner), Integral Solutions (Clementine), SAS Institute (SAS)  

.  
 " ",  

, PolyAnalyst  "  
" ,  Windows.  
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PolyAnalyst - ,  
,  Text Mining, -  

. ,  10- , , 
, ,  

 Unix .  

PolyAnalyst .  500  20 , 
: 

Boeing, 3M, Chase Manhattan Bank, Dupont, Siemens . PolyAnalyst -  
 Data Mining, : -

 (direct marketing, cross-selling, customer retention), ,  
, ,   

. 

1.2.  

, PolyAnalyst .  
 PolyAnalyst Workplace.  

 - PolyAnalyst Knowledge Server.  
:  

. PolyAnalyst ++  
Microsoft's COM (ACTIVEX).  

.  (Exploration Engines)  
 PolyAnalyst  

.  PolyAnalyst , , 
,  CRM  ERP . 

1.3. PolyAnalyst Workplace -  

Workplace -    
. Workplace . 

,  
, ,  

, ,  drop-down  pop-up , 
 -  

. 

 Data  Mining   PolyAnalyst   " ".   
, , , , .  

.  
HTML . 

1.4.  PolyAnalyst 

 
PolyAnalyst .  - ,  (yes/no), 

, , , .  

 
PolyAnalyst . :  

 (.csv),  Microsoft Excel 97/2000,  ODBC- , 
SAS data files, Oracle Express, IBM Visual Warehouse.  
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 OLE DB for Data Mining 

 4.6 PolyAnalyst  Microsoft OLE DB for Data Mining (Version 
1.0).  (LR, FD, CL, FC, DT, 
DF, FL,PN, BA, )  "Mining Models" (MM).  

 
OLE DB  ADO ,  ADO  
COM- .  SQL-  

 SQL for DM). Mining Models  PMML.  

 "PolyAnalyst 
DataMining Provider"  Microsoft Analysis Services(  SQL Server 2000 )  

In-place Data Mining 

PolyAnalyst  OLE DB  
 PA.  PolyAnalyst 

 SQL .  
. 

 

PolyAnalyst Scheduler -  

 PolyAnalyst  .   
  - ,  

, .  
. 

 Scheduler  
. 

1.5.  PolyAnalyst 

 PolyAnalyst  4.6   18  ,   
 Data   Text  Mining.   Know-How   

.  
: , , 

, , .  
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 Find Laws (FL) -  

 FL -   .  
 ( )  

, . 
 FL  

 
.  

,  
. 

 

PolyNet Predictor (PN) -  

,  
.  

.  
,  

. ,  
, ,      

.  

,  
. 

Stepwise Linear Regression (LR) -  

,  
. ,  

 PolyAnalyst , ,  
.  

,  
,  

.  
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. 

Discriminate (DS) -  

 CL -  .  
, ,  

, , ,  
.   CL,  

, ,  
.  

 

Market Basket Analysis (BA) -  " " 

 
. . ,  

,  
.  BA  

,  -  ( , ),  
 0  1, ,  

). , ,  
.  

:   " ",   -   " "   " ".  
 PolyAnalyst  

. 

 

Transactional Basket Analysis ( ) -  " " 

Transactional Basket Analysis -  BA,  
, . ,  

,  (  
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).  " "  - 
X-SellAnalyst,  on-line .  

. 

 PolyAnalyst  Data Mining - 
 - 

 Text Mining.  Text Mining 
,  

.  

Text Analysis ( ) -  

Text Analysis . 
,  

,  (  
 " -  ")  .   

 Data  Mining,   
 PolyAnalyst. ,  

 
. 

 

Text Categorizer (TC) -  

 
 

, .  
.  
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Link Terms (LT) -  

,  
, , .  

, . 

 

 PolyAnalyst  
. : 

, , - . 

 Data Mining  
.  

. , 
,   Lift,  Gain  charts,   

 
(prospects).  
Data Mining - .  

Link Analysis (LA) -  

 Link Analysis  
 

, . 

 

 

Symbolic Rule Language (SRL) -  

SRL  -   PolyAnalyst,   
 Data Mining ,  

.   SRL   
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, ,  
, , .  

 SRL . 

1. : 
1.4 . 
1.5  

  , . 
1.6    ,  

. 
1.7 . 

3.  

       3.1. . 

       3.2. . 

       3.3.  ( . 2.2.-2.4). 

       3.4. . 

4.  

4.1.   . 
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4.2. . 

4.3. . 

4.4.  PolyAnalyst. 

4.5.  PolyAnalyst. 

4.6.  PolyAnalyst. 

4.7. . 

4.8.  PolyAnalyst. 

4.9.  PolyAnalyst. 

 
 

  2 
 : Text Mining – . 
:      Text Mining 

 
, ,  

: , ,  
.  ,    

.  
.  

, .  
,  

.  
,  (BLOB- ).   

,  
 Data Mining. 

,  
 Text Mining. 

: Data Mining, 
, , . 

 (Text Mining) –  
,  

.  
 « » , 

 
.  : web- , ,  

. , 
. ,  

 (XML),  (SGML)  
,  

.  
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,  
: 

1. . ,  
  , . ,  

 – ,  
 

. 
2.  . ,  

,  
 Text Mining.  

. 
3. » .  

, . 
. 

4.  Text Mining.  
, . . 

5. . ,  
, . 

 
. 1 –  Text Mining 

 
 

. ,  
. ,  

. ,  
 ( .) .  

, ,  
.  

.  
 

 : 
 . ,  

.  
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, . 
. 

  – .  
. ,  

, . ,  « »  « » 
 « ».  

 
. 

 N-  – . N-  –  
,  N .  « »  

 3-  «_ », « », « », « _»  4-  «_ », « », 
_», .  

, N-  
. , N-  

,  
.  N- ,  

. 
 .  

. ,  « », « », « » 
 « ». 

 

 PolyAnalyst   
. PolyAnalyst 

,  
, ,  

, ,  
. 

 PolyAnalyst   Exploration  engines   -  
,  DM ,  

. .  - ,  
(yes/no), , , , .  

 PolyAnalyst - ,  
,  Text Mining, -  

. 

Text Analysis ( ) -  

Text Analysis  
. ,  

,  (  
 " - ") .  

 Data 
Mining,  PolyAnalyst. ,  
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. 

1.  «Text_mining example» 

 

. 3 –   

2.  rss  BBC   
«http://feeds.bbci.co.uk/news/rss.xml». 

 

. 4 –  rss-  
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3.  Text Analysis – Entity Extraction. 

,  
.  : 

 

. 5 –  «Content» 

 

. 6 – . 
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4.  Entity Extraction. 

 

. 7 – .  

 
 8.  «Geographic location» 

 

. 9 -   «Human names»  
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2.  : 

1. . 
2.  

  , . 
3.    ,  

. 
4. . 

3.  

       3.1. . 

       3.2. . 

       3.3.  ( . 2.2.-2.4). 

       3.4. . 

 
    3 

:    
:       

 
 

 
 : 

 . 
 . 
 . 
 ,  ( ), 

,  (  1). 
 

: 
 . 
 , . 
 . 
 . 
  (  1). 

 : 
1  
2  
3  
4  " ",  

 
5 ,  " " (  2). 

,  
" -  
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 (  - z- ; 
,  

). . 
 

: 
 

 

 
. 1      PolyAnalist 

 

 
. 2.     



 22

 

 
. 3.  

 
. 4   Execute 
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. 5  .  

 

 
..6      

 
 Settings i 

Clustering.  Settings  
.  Clustering  ,  

. 
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. 7.  Settings 
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. 8. : 
 

 
..8.   Clustering. 

 Clusters. 
 

 
. 9   .  Clustering. 

 Cluster Description. 
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. 10 : 

 
. 10.   Clustering.  

 Cluster Data. 
 

: 
1.    . 
2. , . 

3.  
. 

4.  

. 

5.   
6. . 
7. . 

 
 
 

. 
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 4 

 :  
:  

. 
. 

 
 

.  
 

.  
. 

 
,  

.  
, , 

. 
 

 
, ,  

, .  1975 .  
.  

,  
, ,  

. 
 

: 
f (H)  min, 

 f –  ( , , );  
H = {0; 1}L – , ; 
L – . 

 
,  

, ,  
. 

 
 

 –  ( , , 
)  

. .  
 –  (  

,  ).   
 “ ”  “ ” . ,  

,  .  
,   –  ,  .  

,  . 
,  

.  .  
,  . 

, ,  
, ,  

 ( ),  
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. 
 

, 
.  ,  ,  .  

 P0 . 
 

, .  
, .  

,  
, .  

 ( ) .  
.  

, .  
 

. , 
, .  

,  
,  ,   

. 
,  

.  
. 

 – ,  
.  

.  
. , 

,  
, ,  

. 
. 

 1.  ( ):  t = 0. 
 2.  P(t). 
 3.  f(P(t)). 
 4.  ( , ,  

.). ,  12. 
 5.  ( ):  t = t + 1. 
 6.  ( )  P'. 
 7.  P'(t). 
 8.  P'(t). 
 9.  f(P'(t)). 
 10. , , . 
 11.  4. 
 12. . 

,  
.  “  

”  ,   
.  

: 
–   (  

, ); 
– , ; 
– ,  

; 
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–  ( ); 
– , ,  

,  
, . 

 
 

, , 
.  

. 
: 

–  ( , ,  
); 

–  Genitor ( . ); 
–   ; 
–  CHC; 
– ; 
– ; 
–  ( , 

, , ); 
– . 
 

 
,  

 , , 
,  ,  

.  , ,  
. ,  
,  .   

, 
,  

. 
: 

1.  – ,  0,  1. 
2.  – . 

. 
,  ,   

,  
.  

.  
. ,  

 [0, 1]. 
 ;  

,  
.  

, . , 
, . 

3.  – , . 
,  

,  
. , ,  

. 
, ,  

. 
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 1. , , – . 
 2. . 
 3. . 

,  
. , 

. 
, ,  

.  
,   

, , , . 
 

 –  
, ,  –  

,  
. 

,  
: 

– :  – ;  
– :  – ; 
– :  

 ( , ,  
); 

– :  
;  

–  (Artificial Life):  ( , 
, .), ,  

);  
– :  – .  

, .  
 

.  
, .  

,   
.  

 .  
. , 

, . 
 r : 

minmax
2

wwloglceir , 

 ceil(x) –  ;  
wmax  wmin –  ( ,  

);  
 – . 

 L . ,  
 wmax, wmin   n ,  

: 
L = n · r. 

, , , ,  
, .  

  . ,  
, , 
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.  
,  1,  

,  .  ,  
,  7  8  (710=01112, 

810=10002), ,  
,   

(710=0100 , 810=1100 ). 
, . 

. 
 1.  ( )  

 ( ) . 
 2. : 

– : ][],1[XOR][ iBiBiG ; 
– : ][],1[XOR][ iGiBiB , 

 G[i] – i ; 
B[i]– i .  

,  0  15 : {0000, 0001 0010, 0011, 
0100, 0101, 0110, 0111, 1000, 1001 1010, 1011, 1100, 1101, 1110, 1111}, : 
{0000, 0001 0011, 0010, 0110, 0111, 0101, 0100, 1100, 1101 1111, 1110, 1010, 1011, 1001, 
1000}. 

, . 
 – .  

, .  
. 

 1.  
. 

 2. ,  
). 

 3. , . 
 

 
 – , . , 

 ( ,  
, ) .  

, ,  
, ,  

.  
,  –  

.  
. 

1. . ,  
,  

 (  “ ” ). 
2. c- . , . 

, , c-
 “ ” , ,  

) . , 
, , ,  

 
.  

3. ,  
,  
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. 
4. , ,  

” ( ), ,  
,  .   

 
. 

 
 

,  
 P0 – :  

P0 = {H1, H2, …, HN}, 
 N – ;  

Hj = {h1j, h2j, …, hLj} – ,  L ;  
mini  hij  maxi, mini  maxi –  i-  

. 
.  

, , 
 ( , ) 

. ,  
. 

 20–100 . 
 .   

. 
1.  “ ” – .  

” : 
– ; 
– ,  

. 
2.  “ ” –  

. 
 “ ” , ,  

.  
. 

 “ ” (  
)  (  

). 
3.  “ ” – .  

. 
3.1. . 
3.2. . 
3.3. , . 

 1. . 
 2. , 

 ( ) . 
 

 
 ( , ) ,  

, -
. 

: 
–  ( ); 
– ; 
– ; 
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– . 
 

 
. 

 1.  fj.  
 2.  f  

: 
N

j
jcp f

N
f

1

1 . 

 3.  j
s f

f
jP )( . 

 4.  Ps( j) ,  
. 

 (  4)  
: 

 ( ):   Ps( j) > 1,  
.  

,  Ps( j) = 2,36,  
 0,36 .  

 0,54,  0,54. 
:  Ps( j)  ( )  

N ,  Ps( j).  
 –  –  N 

. 
.  j-  

 Ps( j).  
,  0  2 ,   

.   
,  

. 
 [0;1]  

,  
 –  [xj-1; xj), 

 xj-1 – xj = Ps( j),  x0 = 0 (  xN = 1).  
 j,  j: xr nd  [xj-1; xj),  xr nd  

 [0;1]. 
, ,  

.  
. 

 
 

 4 . 
 1.  fj.  
 2.  ( ) .  
 3.  Ps( j).  

. 

) : 
1
11)( minmaxmax N

j
N

jPs , ma   [1; 2], min = 2 – ma . 

) : 
,,0

,1,1
)(

Ni

i
jPs  
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  – . 
 4.  Ps( j) . 

 
 

 k ,  k .  
. 

 1.  m . 
 2. , . 

,  ,   2.   
 .  m  . 

,  
,  

. 
 

 
 ( ) . 

 1.  fj.  
 2. .  
 3.    [0;1]. , ,  

), . ,  
,  ,   

, .  
 4. , ,  N  

,  
. 

, ,  
 

. 
 

 
,   

.  
 ( , , ).  

. 
,  
,  

. ,  
. 

 
 

,  
, ,  

, .  
. 

 ( )  –  ,   
, , , 

. , 
.  

, , , 
.  

 1.  .  
 2. .  
 3. : ,  
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,  [0, 1] ,  . , 
, .  

 4. ,  
, ,  . ,  

, . 
,  

. 
 ,  

 [0,6; 0,99]. 
,  

. ,  
, , . 

 
. 

 1.  ( )  
. 

 2. . 
 3. ,  ( )  

. 
 4. ,  [0;1] 

. 
,   

,  
,  

. 
.  

,  
, , , 

. 
,   

. 
 

,  “ ” . 
 –    .  

 “ ”, 
.  “ ”  
 ( )   ( ),   

 ( ).  
 R(jk)  j-  k- : 

p

i

k
i

j
i

jk xxR
1

2)()()( , 

 p –  ( ) ;  
xi

(j) – i  j- . 
 H(jk)  j-  k-  

 j-  k- .  
: 

1. . 
2.  

.  
. 

 1. . 
 2.   (  = 1%–
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15% ). 
 3.   , ,  

 . 
 4. . 

.  
 

.  
.  

,  
. , 

, , 
, . 

 
 

 n- : 
1.  n ,  

 n + 1 .  
2.  ,   

: 
n ,  

. 
, : 

1. .  
 (  , crossover point). 

2. .  
.  

,  
.  

 
. ,  – .  

,  
, ,  

.  
.  

,  
. ,  

-  
,  

,  ,   
. 

 (uniform crossover)  
. . 

 1.  ( ) : j = 1.  
 2. ,  j  

: n = round(rand[0;1]),  rand[0;1] –  
[0;1]; round( ) –  .  

 3. : hj  = hjn,  hj  –  j , hjn –  j  n  
.   

 4. : j = j + 1. 
 5.  j > L,  L – ,  6.  

 2.  
 6. . 

,  
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.  ,   
,  

. . 
 1. ,  

, , . 
 2. . 

, ,  
, .  

, ,  
, .  

 3. . 
,  – ,  2  

.  
, ,  

. 
 .   

 (0  0  1  1),  
.  

,  
. 

 ( )  
.  

 H1  H2 – , ,  
.  H  H  = H1 + k  (H1 – H2),  k 

–   (  ||H1 – H2||  –   
).   –   

. , ,  
,  – . 

  R  
 (R – 1) . R  

. 
 1.  R . 
 2.  (R – 1) ,  

 R . 
 3. : r = 1. 
 4.  r . 
 4.1 : k = 1. 
 4.2.  k-  r ,  g-  k- -

,   

.1,1
,1,1

RrkRrk
Rrkrk

g  

 4.3. : k = k + 1. 
 4.4.  k  R,  4.2. 
 5. : r = r + 1. 
 6.  r  R,  4. 
 7. . 

, :  
 

.  
 

. 
,  

, ,  
. ,  

. 
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), . 

 
 

.   
,  

, ,  
,  

.  P  
 (2L)  ,   

. ,  
,  

. 
 

.  
. 

 1.  Hj .  
 2. , ,  

 Hj  xj  [0;1).  
 3.  xj  ,  

 Hj .  
 1/L  

1/N,  L – , N – .  
 1%.  

,   
, . 

 
 

,  
.  .   

, . 
 

. 
 1. - . 
 2. . 
 3. ,  

. 
  

.  
 1. - . 
 2. . 
 3. . 
 4. ,  

.  
,   

,  ,  ,   
. ,  

. . 
 1. - . 
 2.  i = 1. 
 3.  xi  [0;1).  
 4.  xi  ,  

 hi.  
 5.  i = i + 1. 
 6.  i < (L + 1),  L – ,  3. 
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 7. . 
, .  

. 
1.  ,   

. ,  
. 

2. . 
3.  

.  
.  

,  
.  

 
.  “  

”  “ ”  
. 

 
 

 hji (  Hj) 
hij, : 

hij  = hij + hij, 
 hij – ; hij  –  

1.  (non-uniform)  i  hji  
Hj : 

0,5, min,

0,5, max,

ijiji

jiiji
ji hth

hth
h  

 
kTtryyt /11, ;  

r = rand[0; 1] –  [0; 1];  
t – ;  
T – ;  
k – ,  ( );  
mini  maxi –  i  

. 
,  i-  j  hji  
: 

,min,max, ,min,

,min,max, ,max,

ijijjiijijiji

ijijjiijjiiji
ji htHfhtHfhth

htHfhtHfhth
h  

 )(, twyyt i ; wi(t) – ,  t/T.  
,  wi(t) : 

ik

i T
trtw 1)( , 

 r = rand[0; 1] –  [0; 1];  
ki >0 – , . 
2.  hji hij, 

:  
hij = rand[mini·r·q(t); maxi·r·q(t)], 
 rand[a; b] –  [a; b];  

mini  maxi –  i ;  
r = rand[0; 1] –  [0; 1];  

T
tTtq

ln
lnln)( . 

3.  ( )  i-  j  hji 
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: 
hij  = hij + , 

 – ,  ( ,  
)  

3
minmax ii

i T
tT .  

.  
. 

4.  hij . 
 1.  hij + hij  hij – hij: f (hij + hij)  

f (hij – hij). hij ,  
. 

 2.  hij, hij + hij  hij – hij . 
 3.  f  min  

,  hij min. 
 4. : hij = hij min. 

,  
,  
.  

,  
. 

 
 

.  
 ( , )  

, , 
. 

:   
,  – . . 
,  ( ) . 

, , , 
. 

 
.  

  “ ”, ,  
.  1  

.  KI, , 
: 

KI = (1 – SO)  N, 
 SO – ,  [0,95;1,0]; N –  

. 
 “ ”  

. ,  
.  

, ,  
, . ,  

 N , . 
,  2N. 

  
,   –  ,   

,  
,  ,   

.  
, . ,  

: ,  
, , . 
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, , . 

 
 

. , 
 – ,  

.  
,  

, . 
,   

 ( ). 
,  50-100 . 

,  
 T,  T . 

,   
,  .  

. 
,  

 T  F. 
 T + 1,  

,  
 tTbestf .  T  
 1tTbestf .  

 F : 

1

1 )(100

tTbest

tTbesttTbest

f
ff

F . 

 F ,  F,  
, . 

 f  
.  f 

 f  ,  
.  f . 

 
 Matlab  

,  Matlab  ga: 
 
[x, Fmin] = ga(@fitnessfun, n, options) 
 

 ga  Fmin  fitnessfun,  n ,  
 x, . 

 ga  options,  
:  

 
options = 

PopulationType: 'doubleVector' 
PopInitRange: [2x1 double] 
PopulationSize: 20 
EliteCount: 2 
CrossoverFraction: 0.8000 
MigrationDirection: 'forward' 
MigrationInterval: 20 
MigrationFraction: 0.2000 
Generations: 100 
TimeLimit: Inf 
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FitnessLimit: -Inf 
StallLimitG: 50 
StallLimitS: 20 
InitialPopulation: [] 
InitialScores: [] 
PlotInterval: 1 
CreationFcn: @gacreationuniform 
FitnessScalingFcn: @fitscalingrank 
SelectionFcn: @selectionstochunif 
CrossoverFcn: @crossoverscattered 
MutationFcn: @mutationgaussian 
HybridFcn: [] 
Display: 'final' 
PlotFcns: [] 
OutputFcns: [] 
Vectorized: 'off' 

 
 ga   gaoptimset,   

 –  gaoptimget. 
,  100  

: 
 
options = gaoptimset('PopulationSize', 100) 

 gaoptimset ,  
. ,  

mutationgaussian  scale = 0.5 ( )  
shrink = 0.75 ( ) : 
 
scale = 0.5; shrink = 0.75; 
options = gaoptimset('MutationFcn',{@mutationgaussian,scale,shrink}) 

 
 

 
, Fitness_function ,  

Fitness_function.m  
 
A = [1 1; -1 2; 2 1]; 
b = [2; 2; 3]; 
lb = zeros(2,1); 
[x,fval,exitflag] = ga(@Fitness_function,… 
2,A,b,[],[],lb) 
 

: 
 
Optimization terminated: average change in the fitness value less than options.TolFun. 
 
x = 
    0.6670    1.3340 
fval = 
   -8.2258 
exitflag = 
     1 
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 Fitness_function.m: 

 
function y = Fitness_function(x) 
  
y = 0.5*x(1)^2+x(2)^2-x(1)*x(2)-2*x(1)-6*x(2); 
 
Matlab,  7.0,  

 – Genetic Algorithm Tool (GAT),  
Genetic Algorithm and Direct Search Toolbox.  GAT :Gatool 

 OPTIMTOOL(ga). 
 

1.  . 
2.  ga  Matlab.  
3.   Matlab ,  2  

.  
 1.1 .  

, , .  
. 

4  
.  yi ( )  

. . 

 
. 1.  
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5  

. , 
. 

 
 1.1   

 
 

 
 

 

 
 

 

  

1 1   
2   

2 1   
2   

3 1   
2   

4 1  
2    

5 1    
2  

6 1   
2    

7 1  
2   

8 1   
2   

9 1    
2   

10 1  
2    

 
6  . 
7    . 
 

 
1. . 
2. . 
3. ,  

. 
4. . 
5.  (  

). 
6. ,  ,   

. 
 

 
1 . 
2 ? 
3 ? 
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4 . 
5 . 
6 ? 
7 , : 

, , , , , , , , 
. 

8 . 
9 . 
10 ? 
11 . 
12  Genitor? 
13 ?  

? 
14 . 
15 ? 
16  

.  CUT  SPLICE? 
17 . 
18  

.  
19 , ,  

? 
20 ? 
21 . 
22  ( ,  

, ). 
23 ? 
24  (n , , , 

, ). 
25 ?  

? 
26 ? 
27 ? 
28 ? ,  

. ? 
29  

. 
30 . 
31  ga  Matlab: , 

, , . 
32  ga? ?  

 ga? 
33  gatool: 

, , , ,  
. 
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 5  

:       WizWhy 

:   WizWhy 

 

: 

 WizWhy :  
,  « »  

 «  - ». 
 ( ),  1 - 3 ( ),  

 4 - 1 ( ),  15 - 1 ( ),  20  
 - 2. 

 
1. WizWhy  excel,  

,  WizWhy, , . 
Dbf.  Excel,  ->  -> DBF4 (dBASE IV) 
(*. Dbf) 

2. . , 
 (  dBase),  1  

 Open Data of Type,  1.  Basic Data   
 (  2). 

 
 1 
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. 2 

 
 3. 
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.  Analyze the Dependent 
Variable as Boolean , : Minimim number 
of cases in a rule  Maximim number of conditions in a rule.      

 20  (  10%  ,)   
)  3.  - . 

 
. 4 

 Analyze the Dependent Variable as Boolean , WizWhy 
 (  5).  

,  2 (1, 3)  2 (3, 4) (  
 1). 

Minimum probability of if-then rules  Minimum probability of if-then-NOT rules 
 if-then  if-then-NOT) - ,  

 Minimum probability of if-then rules = 27% ,  
 WizWhy, , ,  

 73% .  if-then-NOT. 
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. 5 

 

 Analyze the Dependent Variable as Boolean , WizWhy  
 (   6). 

 
. 6 
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.  7 
 

 

 Rule  Report  (  8)   .  Maximum  
rules to be displayed - ,  WizWhy .  

 100.  

 (Sort rules by) : 

 significance level -  (= 1- ) 
 (Error) probability -  
 number of cases - ,  " " 

,  WizWhy  " "  "  
" .  Rule is in effect 

 Rule is NOT in effect. 
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. 8 

 

, ,  Issue Rules ,  
 ( 2)! -) ! 

 
. 9 

 

,  WizWhy ,  
 (  10). ,  If-then-rules 



 52

report  (   10). , 
. 

 
. 10 

" . . 
If N6 is 1,00  
       and N13 is 1,00  
       and N33 is 2,00  
       Then  
       N8 IS NOT More Than 1,94  
       Rule's probability: 0,632  
       The rule exists in 24 records.  
       Significance Level: Error probability <0,0000001  
       Positive Examples ( records 'serial numbers):  
       13, 51, 53, 56, 62, 72, 73, 77, 138, 139  
       Negative Examples (records 'serial numbers):  
       38, 43, 54, 58, 61, 65, 80, 83, 145, 147 

: 

 4 ( ?) - 1 
)  

        11 - 1  
        31 - 2  
         
        8 ( )  
1,94  
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       ( . .  Analyze the 
Dependent Variable as Boolean)  
        2  3  4  
        <1%  
       , :  
       13, 51, 53 . .  
       ,  :  
       38, 43, 54 . . 

  : 

  Analyze the Dependent Variable as Boolean  Basic Data; 
  Less or equal than  Rule Parametrs  

 2. 

,  WizWhy ,  1  2 
 6. . 

. .  WizWhy : 

If N18 is 1,00 ... 2,00 (average = 1,67)  
       and N33 is 2,00  
       Then  
       N8 IS Less Than OR Equal To 2,00  
       Rule's probability: 0,989  
       The rule exists in 90 records.  
       Significance Level: Error probability is almost 0  
       Positive Examples (records 'serial numbers):  
       10, 13, 14, 28, 30, 31, 33, 38, 40, 41  
       Negative Examples (records 'serial numbers):  
       186 

 16 ( ?) 1  
2  
        31 - 2,  
         
        1  2  
         
        " " 90 . 

 : 
1.   .  
2.  
3.  
3.1  
3.2  
3.3  
3.4  
3.5  
3.6  
4.  
5.  
6. . 
7. . 
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 :  

1. . [ ]. – : 

https://uk.wikipedia.org/wiki/  

2. Data Mining – Cluster Analysis [ ]. – : 
https://www.tutorialspoint.com/data_mining/dm_cluster_analysis.htm 

3. 515K Hotel Reviews Data in Europe [  ] 
https://www.kaggle.com/jiashenliu/515k-hotel-reviews-data-in-
europe?select=Hotel_Reviews.csv 

4. The Python Package Index (PyPI) is a repository of software for the Python programming 
language [  ] https://pypi.org/ 

5. NumPy and Pandas Tutorial – Data Analysis with Python 
https://cloudxlab.com/blog/numpy-pandas-introduction/ 

6. PolyAnalyst 6.5 Technical capabilities and system requirements, Megaputer 
intelligence, 2019. 

7.    URL:  

https://uk.wikipedia.org/wiki/  

8. Big Data . [ ]. – : 
https://forklog.com/big-data-i-blokchejn-proryv-v-oblasti-analiza-dannyh/ 
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