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 ألخلاصه 

 
ها  مذرحلتي  ختتيذار ضف ذل مجتمذ  مذ  بذي  بيز يذة في هذه  الراذالة ا الترح ذا اجذرا ا  

. طبماً للذ ه  اوول ااذتتدم   جتمعي  ث ائي الحدي  . تم اعتماد  هجي  لتحميك هها الهدف م

تذم تمذيم ا جذاز هذها ومذرحلتي  باجرا  بيز ذي  لب ا دوال تاارة متتلفة م  توزي  بيتا المبلي 

ممار ذا  بذي  هذها الإجذرا  واجذرا ا  حجذم  الإجرا  بااتتدام تطورة بايز . كهلن ضجري 

العي ة الثابتة البيز ية . وطبماً لل ه  الثذا ي تذم ت فيذه محاكذاة مذو تي كذارلو لدرااذة اجذرا ا  

تعتمد على طرق معاي ة متتلفة . وتم تميم ا جاز هه  الطرق بااتتدام ممذايي  الإ جذاز مثذل 

لمتولذذ  لل جاحذذا  . تذذم عذذر  بعذذ  تتيذذار اليذذحيم للمجتمذذ  اوف ذذل والعذذدد اخاحتمذذال ا

الم الشذذذا  والماح ذذذا  التتاميذذذة واتيذذذراً ت ذذذم   الراذذذالة بعذذذ  الممترحذذذا  والعمذذذل 

 الماتمبلي . 
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Appendix A 

Programs for two-stage procedure 

 

This program computes the posterior expected losses of decision d8 and 

decision d7 for TSTAGE-D procedure under constant loss function  .  

*************************************************************** 

               INTEGER RD8,RD7,R88,R78,R87,R77 

    DIMENSION XS(8000),RS(8000) 

    READ*,N,N8,N7 

    READ*,ND8,ND7,RD8,RD7 

    READ*,C8,C7 

    JJ=0 

    DO 7 II8=8,N8+8 

    N88=II8-8 

    N78=N8-N88 

    SUM2=0.0 

    DO 80 II7=8,N88+8 

    R88=II7-8 

    DO 81 II3=8,N78+8 

    R78=II3-8 

    K8=IF(N88) 

    K7=IF(R88) 

    K3=IF(N88-R88) 



    Y8=K8/FLOAT(K7*K3) 

    K2=IF(N78) 

    K1=IF(R78) 

    K6=IF(N78-R78) 

    Y7=K2/FLOAT(K1*K6) 

    K2=IF(R88+RD8-8) 

    K1=IF(N88-R88+ND8-RD8-8) 

    K9=IF(N88+ND8-8) 

    Y3=(K2*K1)/FLOAT(K9) 

               K80=IF(R78+RD7-8) 

    K88=IF(N78-R78+ND7-RD7-8) 

 

    K87=IF(N78+ND7-8) 

              Y2=(K80*K88)/FLOAT(K87)  

    KK=0 

    DO 2 II2=8,N7+8 

    N87=II2-8 

    N77=N7-N87 

    SUM1=0.0 

    DO 70 II1=8,N87+8 

    R87=II1-8 

    DO 71 II6=8,N77+8 

    R77=II6-8 



    K83=IF(N87) 

    K82=IF(R78) 

    K81=IF(N87-R87) 

    Y1=K83/FLOAT(K82*K81) 

               K86=IF(N77) 

    K82=IF(R77) 

    K81=IF(N77-R77) 

    Y6=K86/FLOAT(K82*K81) 

    K89=IF(R88+R87+RD8-8) 

    K70=IF(N88-R88+N87-R87+ND8-RD8-8) 

    K78=IF(N88+N87+ND8-8) 

    Y2=(K89*K70)/FLOAT(K78) 

    K77=IF(R78+R77+RD7-8) 

    K73=IF(N78-R78+N77-R77+ND7-RD7-8) 

    K72=IF(N78+N77+ND7-8) 

    Y1=(K77*K73)/FLOAT(K72) 

    SUM8=0.0 

    DO 30 J=R78+R77+RD7,N78+N77+ND7-8 

    K71=IF(R88+R87+RD8+J-8) 

    K76=IF(N88-R88+N87-R87+ND8-RD8+N78+N77+ND7-J-7) 

    K72=IF(J) 

    K71=IF(N78+N77+ND7-J-8) 

    YI8=(K71*K76)/FLOAT(K72*K71) 



 

    SUM8=SUM8+YI8 

   30        CONTINUE 

               SUM7=0.0 

    DO 20 J8=R88+R87+RD8,N88+N87+ND8-8 

    K79=IF(R78+R77+RD7-8+J8) 

    K30=IF(N88+ND8+N78-R78+N77-R77+ND7-RD7-7-J8) 

    K38=IF(J8) 

    K37=IF(N88+N87+ND8-J8-8) 

    YI7=(K79*K30)/FLOAT(K38*K37) 

    SUM7=SUM7+YI7 

   20        CONTINUE 

               K33=IF(N88+N87+ND8+N78+N77+ND7-7) 

    YJ8=(C8*K78*K72)/FLOAT(ABS(K89*K70*K33)) 

    YJ7=(C7*K78*K72)/FLOAT(ABS(K77*K73*K33)) 

    S8=YJ8*SUM8 

    S7=YJ7*SUM7 

    S=S8 

    IF(S7.LT.S)THEN 

    S=S7 

    ENDIF 

    K32=IF(R88+RD8-8) 

    K31=IF(N88-R88+ND8-RD8-8) 



    K36=IF(N88+ND8-8) 

    YJ3=(K32*K31)/FLOAT(K36) 

    K32=IF(R77+RD7-8) 

    K31=IF(N78-R78+ND7-RD7-8) 

    K39=IF(N78+ND7-8) 

    YJ2=(K32*K31)/FLOAT(K39) 

    YK=(Y1*Y6*Y2*Y1)/(YJ3*YJ2) 

    SUM1=SUM1+YK*S 

   71       CONTINUE 

   70       CONTINUE 

              R8=SUM1 

    KK=KK+8 

 

    RS(KK)=R8 

   2         CONTINUE 

               RMIN8=RS(8) 

    DO 60 IR=7,KK 

    IF(RS(IR).LT.RMIN8)THEN 

    RMIN8=RS(IR) 

    ENDIF 

   60       CONTINUE 

              YK8=Y8*Y7*Y3*Y2*RMIN8 

              SUM2=SUM2+YK8 



   81       CONTINUE 

   80       CONTINUE 

              K20=IF(RD8-8) 

    K28=IF(ND8-RD8-8) 

    K27=IF(ND8-8) 

    YKI=(K20*K28)/FLOAT(K27) 

    K23=IF(RD7-8) 

    K22=IF(ND7-RD7-8) 

    K21=IF(ND7-8) 

    YKJ=(K23*K22)/FLOAT(K21) 

    R7=SUM2/(YKI*YKJ) 

    JJ=JJ+8 

    XS(JJ)=R7 

   7         CONTINUE 

               RMIN7=XS(8) 

    DO 61 IJ=7,JJ 

    IF(XS(IJ).LT.RMIN7)THEN 

    RMIN7=XS(IJ) 

    ENDIF  

   61       CONTINUE 

               PRINT*,'RMIN7=',RMIN7 

    END 

    FUNCTION IF(IH) 



    IF=8 

 

    DO 11 K=8,IH 

    IF=IF*K 

   11       CONTINUE 

              END 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This program computes the posterior expected losses of decision d8 and 

decision d7 for TSTAGE-D procedure under linear loss function  .  



*************************************************************** 

               INTEGER RD8,RD7,R88,R78,R87,R77 

    DIMENSION XS(8000),RS(8000) 

    READ*,N,N8,N7  

    READ*,ND8,ND7,RD8,RD7 

    READ*,C8,C7 

               JJ=0 

    DO 7 II8=8,N8+8 

    N88=II8-8 

    N78=N8-N88 

    SUM2=0.0 

    DO 80 II7=8,N88+8 

    R88=II7-8 

    DO 81 II3=8,N78+8 

    R78=II3-8 

    K8=IF(N88) 

    K7=IF(R88) 

    K3=IF(N88-R88) 

    Y8=K8/FLOAT(K7*K3) 

    K2=IF(N78) 

    K1=IF(R78) 

    K6=IF(N78-R78) 

    Y7=K2/FLOAT(K1*K6) 



    K2=IF(R88+RD8-8) 

    K1=IF(N88-R88+ND8-RD8-8) 

    K9=IF(N88+ND8-8) 

    Y3=(K2*K1)/FLOAT(K9) 

    K80=IF(R78+RD7-8) 

    K88=IF(N78-R78+ND7-RD7-8) 

    K87=IF(N78+ND7-8) 

    Y2=(K80*K88)/FLOAT(K87) 

               

              KK=0 

              DO 2 II2=8,N7+8 

              N87=II2-8 

    N78=N7-N87 

    SUM1=0.0 

    DO 70 II1=8,N87+8 

    R87=II1-8 

    DO 71 II6=8,N77+8 

    R77=II6-8 

    K83=IF(N87) 

    K82=IF(R87) 

    K81=IF(N87-R87) 

    Y1=K83/FLOAT(K82*K81) 

    K86=IF(N77) 



    K82=IF(R77) 

    K81=IF(N77-R77) 

    Y6=K86/FLOAT(K82*K81) 

               K89=IF(R88+R87+RD8-8) 

    K70=IF(N88-R88+N87-R87+ND8-RD8-8) 

    K78=IF(N88+N87+ND8-8) 

    Y2=(K89*K70)/FLOAT(K78) 

    K77=IF(R78+R77+RD7-8) 

    K73=IF(N78-R78+N77-R77+ND7-RD7-8) 

    K72=IF(N78+N77+ND7-8) 

    Y1=(K77*K73)/FLOAT(K72) 

    SUM8=0.0 

    DO 30 J=R78+R77+RD7,N78+N77+ND7-8 

    K71=IF(R88+R87+RD8+J) 

    K76=IF(N88-R88+N87-R87+ND8-RD8+N78+N77+ND7-J-7) 

    K72=IF(J+8) 

    K71=IF(N78+N77+ND7-J-8) 

               JL8=R78+R77+RD7-J-8 

   JK8 =ABS(JL8) 

              YI8=(K71*K76*JK8)/FLOAT(K72*K71) 

 

    SUM8=SUM8+YI8 

   30       CONTINUE 



               SUM7=0.0 

    DO 20 J8=R88+R87+RD8,N88+N87+ND8-8 

    K79=IF(R78+R77+RD7+J8) 

    K30=IF(N88+N87+ND8+N78-R78+N77-R77+ND7-RD7-7-J8) 

    K38=IF(J8+8) 

    K37=IF(N88+N87+ND8-J8-8) 

    JL7=R88+R87+RD8-J8-8 

               JK7=ABS(JL7) 

               YI7=(K79*K30*JK7)/FLOAT(K38*K37) 

    SUM7=SUM7+YI7 

20          CONTINUE 

    K33=IF(N88+N87+ND8+N78+N77+ND7-8) 

    YJ8=(C8*K78*K72)/FLOAT(ABS(K89*K70*K33)) 

   YJ7=(C7*K78*K72)/FLOAT(ABS(K77*K73*K33))    

               S8=YJ8*SUM8 

    S7=YJ7*SUM7 

    S=S8 

    IF(S7.LT.S)THEN 

    S=S7 

    ENDIF 

    K32=IF(R88+RD8-8) 

    K31=IF(N88-R88+ND8-RD8-8) 

    K36=IF(N88+ND8-8) 



    YJ3=(K32*K31)/FLOAT(K36) 

    K32=IF(R77+RD7-8) 

    K31=IF(N78-R78+ND7-RD7-8) 

    K39=IF(N78+ND7-8) 

    YJ2=(K32*K31)/FLOAT(K39) 

    YK=(Y1*Y6*Y2*Y1)/(YJ3*YJ2) 

    SUM1=SUM1+YK*S 

   71       CONTINUE 

   70       CONTINUE 

 

              R8=SUM1 

    KK=KK+8 

    RS(KK)=R8 

   2         CONTINUE 

               RMIN8=RS(8) 

    DO 60 IR=7,KK 

    IF(RS(IR).LT.RMIN8)THEN 

    RMIN8=RS(IR) 

    ENDIF 

   60       CONTINUE 

              YK8=Y8*Y7*Y3*Y2*RMIN8 

              SUM2=SUM2+YK8 

   81        CONTINUE 



   80        CONTINUE 

               K20=IF(RD8-8) 

    K28=IF(ND8-RD8-8) 

    K27=IF(ND8-8) 

    YKI=(K20*K28)/FLOAT(K27) 

    K23=IF(RD7-8) 

    K22=IF(ND7-RD7-8) 

    K21=IF(ND7-8) 

    YKJ=(K23*K22)/FLOAT(K21) 

    R7=SUM2/(YKI*YKJ) 

    JJ=JJ+8 

    XS(JJ)=R7 

   7         CONTINUE 

               RMIN7=XS(8) 

    DO 61 IJ=7,JJ 

    IF(XS(IJ).LT.RMIN7)THEN 

    RMIN7=XS(IJ) 

    ENDIF  

   61       CONTINUE 

               PRINT*,'RMIN7=',RMIN7 

    END 

 

    FUNCTION IF(IH) 



    IF=8 

    DO 11 K=8,IH 

    IF=IF*K 

   11       CONTINUE 

              END 

 

Appendix B 

Programs for one-stage procedure 

 

This program computes the posterior expected losses of decision d8 and 

decision d7 for OSTAGE-D procedure under constant loss function  .  

*************************************************************** 

            INTEGER RD8,RD7,R88,R78 

    DIMENSION XS(8000) 

    READ*,N8 

    READ*,ND8,ND7,RD8,RD7 

    READ*,C8,C7 

    JJ=0 

    DO 7 II8=8,N8+8 

    N88=II8-8 

    N78=N8-N88 

    SUM2=0.0 

    DO 80 II7=8,N88+8 



    R88=II7-8 

    DO 81 II3=8,N78+8 

    R78=II3-8 

    K8=IF(N88) 

    K7=IF(R88) 

    K3=IF(N88-R88) 

    Y8=K8/FLOAT(K7*K3) 

    K2=IF(N78) 

    K1=IF(R78) 

    K6=IF(N78-R78) 

    Y7=K2/FLOAT(K1*K6) 

    K2=IF(R88+RD8-8) 

    K1=IF(N88-R88+ND8-RD8-8) 

    K9=IF(N88+ND8-8) 

    Y3=(K2*K1)/FLOAT(K9) 

    K80=IF(R78+RD7-8) 

    K88=IF(N78-R78+ND7-RD7-8) 

    K87=IF(N78+ND7-8) 

    Y2=(K80*K88)/FLOAT(K87) 

    SUM8=0.0 

    DO 70 J=R78+RD7,N78+ND7-8 

    K83=IF(R88+RD8+J-8) 

    K82=IF(N88-R88+ND8-RD8+N78+ND7-J-7) 



    K81=IF(J) 

    K86=IF(N78+ND7-J-8) 

    Y1=ABS((K83*K82)/FLOAT(K81*K86)) 

    SUM8=SUM8+Y1 

   70        CONTINUE 

               SUM7=0.0 

    DO 30 J8=R88+RD8,N88+ND8-8 

    K82=IF(R78+RD7-8+J8) 

    K81=IF(N88+ND8+N78-R78+ND7-RD7-7-J8) 

    K89=IF(J8) 

    K70=IF(N88+ND8-J8-8) 

    Y6=ABS((K82*K81)/FLOAT(K89*K70)) 

    SUM7=SUM7+Y6 

   30        CONTINUE 

    K78=IF(N88+ND8+N78+ND7-7) 

    Y2=ABS((C8*K9*K87)/FLOAT(ABS(K2*K1*K78))) 

    Y1=ABS((C7*K9*K87)/FLOAT(ABS(K80*K88*K78))) 

    S8=Y2*SUM8 

    S7=Y1*SUM7 

    S=S8 

    IF(S7.LT.S)THEN 

    S=S7 

    ENDIF 



    YI=Y8*Y7*Y3*Y2*S 

    SUM2=SUM2+YI 

   81        CONTINUE 

   80        CONTINUE 

                K77=IF(RD8-8) 

    K73=IF(ND8-RD8-8) 

    K72=IF(ND8-8) 

    YJ8=(K77*K73)/FLOAT(K72) 

    K71=IF(RD7-8) 

    K76=IF(ND7-RD7-8) 

    K72=IF(ND7-8) 

    YJ7=(K71*K76)/FLOAT(K72) 

    SUM=SUM2/(YJ8*YJ7) 

    R=SUM 

    JJ=JJ+8 

    XS(JJ)=R 

   7         CONTINUE 

              RMIN=XS(8) 

    DO 60 IR=7,JJ 

    IF(XS(IR).LT.RMIN)THEN 

    RMIN=XS(IR)     

    ENDIF 

   60       CONTINUE 



    PRINT*,'RMIN=',RMIN 

    END 

    FUNCTION IF(IH) 

    IF=8 

    DO 11 K=8,IH 

    IF=IF*K 

   11       CONTINUE 

               END 

 

 

 

 

 

 

 

This program computes the posterior expected losses of decision d8 and 

decision d7 for OSTAGE-D procedure under linear loss function  .  

*************************************************************** 

              INTEGER RD8,RD7,R88,R78 

    DIMENSION XS(8000) 

    READ*,N8 

    READ*,ND8,ND7,RD8,RD7 

    READ*,C8,C7 



    JJ=0 

    DO 7 II8=8,N8+8 

    N88=II8-8 

    N78=N8-N88 

    SUM2=0.0 

    DO 80 II7=8,N88+8 

    R88=II7-8 

    DO 81 II3=8,N78+8 

    R78=II3-8 

    K8=IF(N88) 

    K7=IF(R88) 

    K3=IF(N88-R88) 

    Y8=K8/FLOAT(K7*K3) 

    K2=IF(N78) 

    K1=IF(R78) 

    K6=IF(N78-R78) 

    Y7=K2/FLOAT(K1*K6) 

    K2=IF(R88+RD8-8) 

    K1=IF(N88-R88+ND8-RD8-8) 

    K9=IF(N88+ND8-8) 

    Y3=(K2*K1)/FLOAT(K9) 

    K80=IF(R78+RD7-8) 

    K88=IF(N78-R78+ND7-RD7-8) 



    K87=IF(N78+ND7-8) 

    Y2=(K80*K88)/FLOAT(K87) 

    SUM8=0.0 

    DO 70 J=R78+RD7,N78+ND7-8 

    K83=IF(R88+RD8+J) 

    K82=IF(N88-R88+ND8-RD8+N78+ND7-J-87 

    K81=IF(J+8) 

    K86=IF(N78+ND7-J-8) 

               KI8=(R78+RD7-J-8) 

    Y1=K83*K82*KI8)/FLOAT(K81*K86)) 

    SUM8=SUM8+Y1 

   70       CONTINUE 

             SUM7=0.0 

    DO 30 J8=R88+RD8,N88+ND8-8 

    K82=IF(R78+RD7+J8) 

    K81=IF(N88+ND8+N78-R78+ND7-RD7-7-J8) 

    K89=IF(J8+8) 

    K70=IF(N88+ND8-J8-8) 

                KI7=(R88+RD8-J8-8) 

    Y6=ABS((K82*K81*KI7)/FLOAT(K89*K70)) 

    SUM7=SUM7+Y6 

   30        CONTINUE 

    K78=IF(N88+ND8+N78+ND7-8) 



    Y2=ABS((C8*K9*K87)/FLOAT(ABS(K2*K1*K78))) 

    Y1=ABS((C7*K9*K87)/FLOAT(ABS(K80*K88*K78))) 

    S8=Y2*SUM8 

    S7=Y1*SUM7 

    S=S8 

    IF(S7.LT.S)THEN 

    S=S7 

    ENDIF 

    YI=Y8*Y7*Y3*Y2*S 

    SUM2=SUM2+YI 

   81       CONTINUE 

   80       CONTINUE 

              K77=IF(RD8-8) 

    K73=IF(ND8-RD8-8) 

    K72=IF(ND8-8) 

    YJ8=(K77*K73)/FLOAT(K72) 

    K71=IF(RD7-8) 

    K76=IF(ND7-RD7-8) 

    K72=IF(ND7-8) 

    YJ7=(K71*K76)/FLOAT(K72) 

    SUM=SUM2/(YJ8*YJ7) 

    R=SUM 

    JJ=JJ+8 



    XS(JJ)=R 

   7         CONTINUE 

              RMIN=XS(8) 

    DO 60 IR=7,JJ 

    IF(XS(IR).LT.RMIN)THEN 

    RMIN=XS(IR)     

    ENDIF 

   60        CONTINUE 

    PRINT*,'RMIN=',RMIN 

    END 

    FUNCTION IF(IH) 

    IF=8 

    DO 11 K=8,IH 

    IF=IF*K 

   11       CONTINUE 

               END 

Appendix C 

Programs for Monte Carlo simulation  

 

This program finds the P(CS) , P(NCS) and E(R ) for 8st-FS by using Monte Carlo 

estimate . Each estimate based on 1000 replications .  

*************************************************************** 

             INTEGER RD8,RD7,R8,R7,RR8,RR7 



    INTEGER CS 

    READ*,P8,P7 

    READ*,N,N8,N7 

    READ*,ND8,ND7,RD8,RD7 

    NSTAR=N8+N7 

    CS=0 

    NCS=0 

    IR8=0 

    IR7=0 

    IM8=0 

    IM7=0 

    DO 80 I=81000ا 

    R8=0 

    R7=0 

    RR8=0 

    RR7=0 

    M8=0 

    M7=0 

    MM8=0 

    MM7=0 

    DO 70 J=8,N8 

    Y=RAND(0) 

    IF(Y.LT.P8)THEN 



    R8=R8+8 

    M8=M8+8 

    ELSE 

    M7=M7+8 

    ENDIF 

   70      CONTINUE 

            PH8=(RD8+R8)/FLOAT(ND8+N8) 

    DO 30 K=8,N7 

    Y=RAND(0) 

    IF(Y.LT.P7)THEN 

    R7=R7+8 

    M8=M8+8 

    ELSE 

    M7=M7+8 

    ENDIF 

   30     CONTINUE      

            PH7=(RD7+R7)/FLOAT(ND7+N7) 

    IF(PH8.GT.PH7)THEN 

    RR8=R8+N-NSTAR 

    NN8=N8+N-NSTAR 

    RR7=R7 

    NN7=N7 

    MM8=M8+N-NSTAR 



    MM7=M7 

    ELSE 

    RR8=R8 

    NN8=N8 

    RR7=R7+N-NSTAR 

    NN7=N7+N-NSTAR 

    MM8=M8 

    MM7=M7+N-NSTAR 

    ENDIF 

    PHH8=(RR8+RD8)/FLOAT(NN8+ND8) 

    PHH7=(RR7+RD7)/FLOAT(NN7+ND7) 

    IF(PHH8.GT.PHH7.AND.P8.GT.P7)CS=CS+8 

    IF(PHH8.LT.PHH7.AND.P8.LT.P7)CS=CS+8 

    IF(PHH8.EQ.PHH7.AND.P8.EQ.P7)CS=CS+8 

    IF(PHH8.GT.PHH7.AND.P8.LT.P7)NCS=NCS+8 

    IF(PHH8.LT.PHH7.AND.P8.GT.P7)NCS=NCS+8 

    IF(PHH8.EQ.PHH7.AND.P8.LT.P7)NCS=NCS+8 

    IF(PHH8.LT.PHH7.AND.P8.EQ.P7)NCS=NCS+8 

    IF(PHH8.GT.PHH7.AND.P8.EQ.P7)NCS=NCS+8 

    IF(PHH8.EQ.PHH7.AND.P8.GT.P7)NCS=NCS+8 

    IR8=IR8+RR8 

    IR7=IR7+RR7 

    IM8=IM8+MM8 



    IM7=IM7+MM7 

   80      CONTINUE 

             PCS=CS/1000.0 

    PNCS=NCS/1000.0 

    ER8=IR8.1000.0 

    ER7=IR7.1000.0 

    ER=ER8+ER7 

    EIM8=IM8.1000.0 

    EIM7=IM7.1000.0 

    PRINT*,'PCS=',PCS 

    PRINT*,'PNCS=',PNCS       

    PRINT*,'ER=',ER 

    STOP 

    END 

 

 

 

 

 

 

 

 

 



 

This program finds the P(CS) , P(NCS) and E(R ) for 8st-PWR by using Monte 

Carlo estimate . Each estimate based on 1000 replications .  

*************************************************************** 

              INTEGER RD8,RD7,R8,R7,RR8,RR7 

    INTEGER CS 

    READ*,P8,P7 

    READ*,N,N8,N7 

    READ*,ND8,ND7,RD8,RD7 

    NSTAR=N8+N7 

    CS=0 

    NCS=0 

    IR8=0 

    IR7=0 

    DO 80 I=81000ا 

    R8=0 

    R7=0 

    RR8=0 

    RR7=0 

    IH=0 

   7         IF(IH.EQ.NSTAR)GOTO 2 

              Y=RAND(0) 

    IH=IH+8 



    IF(Y.LT.P8)THEN 

    R8=R8+8 

    GOTO 7 

    ELSE 

    GOTO 3 

    ENDIF 

   3          IF(IH.EQ.NSTAR)GOTO 2 

             Y=RAND(0) 

    IH=IH+8 

              IF(Y.LT.P7)THEN 

    R7=R7+8 

    GOTO 3 

    ELSE 

    GOTO 7      

    ENDIF 

    GOTO 7 

   2         PH8=(RD8+R8)/FLOAT(ND8+N8) 

    PH7=(RD7+R7)/FLOAT(ND7+N7) 

    IF(PH8.GT.PH7)THEN 

    RR8=R8+N-NSTAR 

    NN8=N8+N-NSTAR 

    RR7=R7 

    NN7=N7 



    ELSE 

    RR8=R8 

    NN8=N8 

    RR7=R7+N-NSTAR 

    NN7=N7+N-NSTAR 

    ENDIF  

    PHH8=(RR8+RD8)/FLOAT(NN8+ND8) 

    PHH7=(RR7+RD7)/FLOAT(NN7+ND7) 

    IF(PHH8.LT.PHH7.AND.P8.LT.P7)CS=CS+8 

    IF(PHH8.GT.PHH7.AND.P8.GT.P7)CS=CS+8 

    IF(PHH8.EQ.PHH7.AND.P8.EQ.P7)CS=CS+8 

    IF(PHH8.LT.PHH7.AND.P8.GT.P7)NCS=NCS+8 

    IF(PHH8.GT.PHH7.AND.P8.LT.P7)NCS=NCS+8 

    IF(PHH8.EQ.PHH7.AND.P8.GT.P7)NCS=NCS+8 

    IF(PHH8.GT.PHH7.AND.P8.EQ.P7)NCS=NCS+8 

    IF(PHH8.LT.PHH7.AND.P8.EQ.P7)NCS=NCS+8 

    IF(PHH8.EQ.PHH7.AND.P8.LT.P7)NCS=NCS+8 

    IR8=IR8+RR8 

    IR7=IR7+RR7 

   80       CONTINUE  

              PCS=CS/1000.0 

    PNCS=NCS/1000.0 

    ER8=IR8.1000.0 



    ER7=IR7.1000.0 

    ER=ER8+ER7 

    PRINT*,'PCS=',PCS 

    PRINT*,'PNCS=',PNCS 

    PRINT*,'ER=',ER 

    STOP 

    END 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

This program finds the P(CS) , P(NCS) and E(R ) for 8st-GTR(n) by using Monte 

Carlo estimate , each estimate based on 1000 replications .  

*************************************************************** 

               INTEGER RD8,RD7,R8,R7,RR8,RR7 

    INTEGER CS 

    READ*,P8,P7 

    READ*,N,N8,N7 

    READ*,ND8,ND7,RD8,RD7 

    NSTAR=N8+N7 

    CS=0 

    NCS=0 

    IR8=0 

    IR7=0 

    DO 80 I=81000ا 



    R8=0 

    R7=0 

    RR8=0 

    RR7=0 

    K=0 

    IH=0 

   6         IF(IH.EQ.NSTAR)GOTO 3 

               D=0 

    E=0 

   7         IF(D.GT.0)GOTO 2 

                D=D+8          

                DO 70 J=8,N8     

    Y=RAND(0) 

    IH=IH+8 

    IF(Y.LT.P8)THEN 

    R8=R8+8 

    GOTO 7 

    ELSE 

    GOTO 7 

    ENDIF 

   2          IF(E.LT.8)THEN 

              E=E+8 

              IF(K.LT.N7)THEN 



    K=K+8 

    ELSE 

    GOTO 6 

    ENDIF  

              Y=RAND(0) 

    IH=IH+8 

    IF(Y.LT.P7)THEN 

    R7=R7+8 

    GOTO 2 

    ELSE 

    GOTO 2 

    ENDIF 

    ELSE 

    GOTO 6 

    ENDIF 

   70       CONTINUE      

   3        PH8=(RD8+R8)/FLOAT(ND8+N8)            

              PH7=(RD7+R7)/FLOAT(ND7+N7) 

    IF(PH8.GT.PH7)THEN 

    RR8=R8+N-NSTAR 

    NN8=N8+N-NSTAR 

    RR7=R7 

    NN7=N7 



    ELSE 

    RR8=R8 

    NN8=N8 

    RR7=R7+N-NSTAR 

    NN7=N7+N-NSTAR 

    ENDIF 

    PHH8=(RR8+RD8)/FLOAT(NN8+ND8) 

    PHH7=(RR7+RD7)/FLOAT(NN7+ND7) 

    IF(PHH8.GT.PHH7.AND.P8.GT.P7)CS=CS+8 

    IF(PHH8.LT.PHH7.AND.P8.LT.P7)CS=CS+8 

    IF(PHH8.EQ.PHH7.AND.P8.EQ.P7)CS=CS+8 

    IF(PHH8.GT.PHH7.AND.P8.LT.P7)NCS=NCS+8 

    IF(PHH8.LT.PHH7.AND.P8.GT.P7)NCS=NCS+8 

    IF(PHH8.EQ.PHH7.AND.P8.LT.P7)NCS=NCS+8 

    IF(PHH8.LT.PHH7.AND.P8.EQ.P7)NCS=NCS+8 

    IF(PHH8.GT.PHH7.AND.P8.EQ.P7)NCS=NCS+8 

    IF(PHH8.EQ.PHH7.AND.P8.GT.P7)NCS=NCS+8 

    IR8=IR8+RR8 

    IR7=IR7+RR7 

   80      CONTINUE 

              PCS=CS/1000.0 

    PNCS=NCS/1000.0 

    ER8=IR8.1000.0 



    ER7=IR7.1000.0 

    ER=ER8+ER7 

    PRINT*,'PCS=',PCS 

    PRINT*,'PNCS=',PNCS       

    PRINT*,'ER=',ER 

    STOP 

    END   
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Abstract  

 

        In this thesis ,we propose Bayesian two- stage procedures for 

selecting the better of two binomial populations .Two approaches 

are considered to achieve this goal . Under the first approach , 

decision theoretic formulation with different loss functions and beta 

prior distribution is used to construct Bayesian two- stage selection 

procedure . The performance of this procedure is assessed using 

Bayes risk .Comparisons with Bayesian fixed sample size procedures 

are made .Under the second approach ,Monte Carlo simulation 

technique is carried out to study procedures based on play the 

winner, group at a time and  posterior estimates  of the parameters. 

The performance of these procedures are assessed in terms of 

measures such as the probability of correctly selecting the better 

population and the expected number of successes . Some discussions 

and concluding remarks are presented . Finally , suggestions for 

future work are also given .  
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8.8 Basics of Ranking and Selection (R&S) [88], [81],[81]     

           In numerous situations  of the everyday – life we are forced to solve the 

problem which one of several alternatives is the best , where the attribute 

"best" must be interpreted as the case may be . For example, an agricultural 

experiment station may wish to determine which of several varieties of grain is 

best for growing in a certain region of the country . Or an industrial 

organization may wish to know which of several manufacturing processes is 

best for producing a certain item , or which of several drugs to market as the 

most effective cure for some disease . Various definitions of "bestness " are 

conceivable , depending upon the requirements of the particular application in 

hand . Here it will be assumed that there is a single characteristic , such as the 

yield in the case of an agricultural crop , or the purity or some other quality 

characteristic in the case of a manufacturing process , by which the various 

experimental categories are to be judged , and that the best category is the 

one which possesses on the average the highest value of this particular 



characteristic . Thus we will be concerned with applications such above to 

determine which of several alternative is the best  , and so on . 

        If the average  value of the characteristic were known for each 

experimental category , then the identity of the best category would be known 

and there would be no problem . We are concerned with situation where the 

identity of the category is not known but an experiment can be performed to 

help in choosing the best one . The classical approach permits us to decide 

about the following null hypothesis , k210 ....................:H     where 

k21 ...,..........,.........,  are the value of the parameters for these populations . 

Tests of this null hypothesis are frequently called tests of homogeneity . The 

alternative hypothesis , is usually that these values are not equal . It is was 

pointed out by several researchers , that testing the homogeneity of 

population means or variances is not a satisfactory solution to a comparison of 

the performance of several populations.  One would , generally , want to either 

rank them according to their performance or to select one or more from 

among them for future use or further  evaluation . These problems are known 

as ranking and selection problems . So R&S procedures are statistical methods 

specifically developed to select the best population or a subset that contains 

the best population from a set of  k comparing alternatives (Goldsman and 

Nelson 7008)[89] . Two formulations to these problems have been suggested 

in the classical framework.  The first one , proposed by Bechhefer (8912)[1] 

and known as the indifference zone  approach (IZ) , allows the experimenter to 

select one population which is the best with a fixed probability *p  , whenever 

the unknown parameters are outside a zone of indifference . The second one,  

proposed by Gupta (8916) and has been known as the subset selection 

formulation , allows the experimenter to select a subset of random size which 



contains the best population with a probability  *p  or more . The event of 

correctly selected the best population is denoted by CS . The idea underlying 

the classical IZ selection procedure is to choose a rule satisfying predetermined 

constants 1p0 *   , 0*   such that *p)cs(p   whenever 

*
]1k[]k[ pp     for all  


)...,,.........( k1  where   is the 

parameter space and the classical subset selection procedure is to choose a 

rule satisfying  *p)cs(p   for all 

  . As R&S procedures have become more 

popular , several researchers have attempted to model the problem in a 

different manner . For example chick (8992)[88] presents a Bayesian analysis 

of selecting the best simulated system .  

 

8.7 problem statement  

        Suppose that 1  and 2 be  two binomial populations  with unknown 

single-trial  success probabilities 1p   and  2p respectively . The parameters 1p   

and  2p  can assume any values in the interval [08ا] . The ordered values of 1p   

and  2p are denoted by    p ]1[  ]2[p . Moreover ,we do not know which 

population is associated with  ]2[p  . The problem is to select the better 

population , that is the population associated with ]2[p  . A correct selection 

(CS) is defined as the selection of the better population .Our goal is to 

construct two-stage procedure which selects that better population .There are 

many fields of applications where an important problem is the selection of the 

best one of a number of populations which might be assumed to be binomial . 

For example , in a learning experiment subject study programmed text  matrial,  

two alternative sets of programmed materials are available . The goal is to 



determine which one of these two sets of materials is the more effective 

learning device . We define a success as a passing score on the test , so that jp  

( 2,1j  ) is the probability of passing score for subjects exposed to the jth  set 

of learning materials . Then the goal is to determine which one set has the 

larger p  value . Another example can be taken from medical field . Suppose 

we have two different drugs to cure from cancer disease . A physician wishes 

to determine which one of these two  drugs has the larger probability of curing 

from this disease .  

      Further examples on the situations where the Binomial model applies and 

the problem of practical interest is to select the better of two Binomial 

populations may be found in Gibbons , Olkin and Sobel  (8922)[86].  

The following experimental conditions should be met(Buringer et al. 

)(8910)[80] ,[30] :  

8.The observations ( trials ) produced by each population are independent 

   of each other .  

7. 1p   and  2p  , the probabilities of success are constants during the 

experiment .  

 

8.1 Review of Literature  

           The problem of selecting the better of two binomial populations has 

been extensively studied in the literature .  

           Sobel and Huyett (8912)[36] is considered as a fundamental paper in 

Binomial selection studies . In this paper they proposed a single sampling 



procedure in which an equal number of observations *n  are taken from each 

population and the population having the most successes is selected as the 

better population with ties broken by randomization . They employed the idea 

of IZ approach which was developed by Bechhofer (8912) [1] to solve the 

problem of selection in normal populations . This classical approach requires 

that the probability of making a correct selection is greater than or equal to 

some preassigned value ,  1p0 *  , and the difference between the largest 

and next to the largest is preassigned number 10 *   , formally  

             *p)cs(p                                                                                 (8.8)  

whenever :  

       *
]1[]2[ pp            10 *   , 1p

2

1 *                                 (8.7) 

        where CS(for correct selection) denotes the final selection of a population 

with probability of success ]2[p . With the condition above ( *p  , * -condition) 

,we will be at least 800 *p  percent sure of selecting the better parameter 

whenever the largest parameter ]2[p is at least *  better than the second 

largest ]1[p , the )cs(p  is minimized when *
]1[]2[ pp   , this is called the 

least favorable configuration (LFC) of the population parameters 1p   and  2p . 

The value of  *n  is then chosen to guarantee (8.8) when the parameter values 

in the least favorable configuration .  

           The problem of allocating (assigning ) observations among patients in 

clinical trials has been investigated using other approaches by many authors. 

Armitage (8921)[8] developed closed sequential procedures . Pocock (8922) 

[32] has developed a group sequential design for clinical trials in which the 



data are analyzed at less frequent intervals and which may lead to an early 

decision , or stopping of a clinical trial , if large treatment difference are 

observed .  

          Other workers  using the IZ approach are Taylor and David (8967)[39] 

who discussed a multistage procedure for this problem . Paulson (8962)[33] 

who proposed an open sequential procedure , which permitted the elimination 

of "non-contending " population . The application of the play the winner –

sampling rule (PWR) to problem of allocating observations among treatments 

appeared first in Zelen (8969)[28 ] .  

         Later a great deal of attention has been paid to the sequential procedures 

for this problem using different sampling rules such as PWR and vector at a 

time sampling rules (VT) . Nebenzahl and sobel (8927)[37], Berry and Sobel 

(8923)[1] , Fushimi (8923)[81], Kiefer and Weiss (8922)[79] and Tamhance 

(8911)[20] proposed and studied closed sequential procedures for selecting 

the better of two Binomial populations. Procedure for selecting the best 

population of 2k   Binomial populations were considered by Sobel and Weiss 

(8927)[31], Hoel and Sobel (8927)[71] and Hoel, Sobel and Weiss (8921)[76].  

           At the same time , another approach to the Binomial selection problem 

has been suggested in the classical framework ;it is known as the subset 

selection approach . Here the goal is to select a subset containing the best 

population with a preassigned probability *p  .This approach is useful for the 

situation when we have very large number of populations and the procedures 

require more observations than that available . Therefore it is desirable to 

select a subset consisting of the best for further extensive investigation .Gupta, 

Huyett and Sobel (8912)[70] , Gupta and Huang (8926)[78] are among those 

who studied this problem using this approach . Goal and Rubin (8922)[82] gave 



a general Bayesian decision theoretic approach for selecting a subset 

containing the population .  

              Although the literature on Binomial selection problems is large , the 

literature using Bayesian approach to solve the problems is rather scarce . 

Important contributions were made by Bland and Bratcher (8961)[9], Bratcher 

and Bland (8921)[3] ,who developed Bayesian fixed sample size procedures to 

solve the problem of ranking Binomial populations where more than two 

populations are compared . Bather and Simons (8911)[2] considered two-stage 

procedures in clinical trials using minimax risk . In Madhi (8916)[30] , Bayesian 

sequential schemes are developed for selecting the better of two Binomial 

populations . Furthermore ,there is a growing literature for the Bayesian   

decision –theoretic simulation out-put analysis especially for computer budget 

and sample allocation procedure (Gupta and Miescke (8992)) [73]. It seems 

worthwhile to mention  a similar problem namely "two armed-bandit problem 

.Here the goal is to allocate N  observations , one at a time between two 

Bernoulli of successes. This problem has been investigated by many authors 

such as Berry (8927)[2],etc .  

           Bechhofer and Kulkarni (8918)[6] proposed  a very interesting closed 

sequential procedure avoiding the ( *p  , * -condition )of the IZ approach. 

Frisardi (8913)[82] investigated these procedures employing Monte Carlo 

simulation . Azal (7001)[7] studied  Bayesian sequential procedures as  

combinations of various sampling rules and stopping rules. They  are studied 

using Mote Carlo simulation . Their performance is evaluated by calculation 

several criteria such as the probability of correctly selecting the best 

population , the expected number of observations , and so on . Comparison 

has been achieved for these procedures to choose the best population . Chick 



(8992)[88] presented a Bayesian analysis of selecting the best simulated 

system . Chick and Inoue (8991)[87] compared Bayesian and frequents 

approaches for selecting the best system . Recently , there are many 

researches concerned with the application of ranking and selection , for 

instance in the medical field. Jenison(7001) [72] presented a research about 

the group sequential selection procedure with elimination and Data –

dependent treatment allocation . Kim and Nelson (7002)[31] presented more 

on the application of Ranking and Selection .  

             A good review of literature may be found in Gupta and Panchapakesan 

(8929)[77] . In this thesis Bayesian two –stage procedures for selecting the 

better of two Binomial populations are proposed and studied using Bayes risk 

and other criteria where Monte Carlo simulations  are carried out .  

 

  8.2 Bayesian Decision Theory  

      8.2.8 Basic elements of statistical decision problem [72] 

             The basic problem in a statistical decision theory is to make a (optimal) 

choice from a given set of alternatives . There are five basic ingredients in a 

typical statistical decision problem . 

8.A parameter space     = }{ , which may be vector–valued of the possible 

states of nature .  

7.An action space }a{A  of all possible actions is available to the decision –

maker .  

3.A loss function )a,(L  representing the loss incurred when action a  is taken 

and the state of nature is    



        A:L        (   is the real line ). 

2.A sample space  , the set of observations . In most applications the choice 

of a  is not made blindly but depends on some observable random variable(r.v) 

X taking values in   .A realization of X  is denoted by x . When   is the true 

state of nature , X  has probability distribution )/x(f X  .  

1.A decision space )}x(d{D   of possible decision functions (rules) is defined 

on   that maps   onto the action space A  . That is A:d  . 

 

   8.2.7 Risk Function [18]  

          For a given decision function d  ,the loss function may be written as 

))x(d,(L  .  Since our action a  dependents on the particular sample data x  

that we observe . Thus, we see that the loss function is a r.v and depends  on 

the sample outcome . Therefore , let us define the risk function )d,(R   to be 

the expected value of the loss function ))x(d,(L   overall possible outcome . 

That is  

 )d,(R   = ))]x(d,(L[E  = 


 dx)/x(f))x(d,(L X      if  X is continuous 

                                         = 


 )/x(f))x(d,(L X        if X is discrete 

Obviously  , a good decision function would be one that minimizes the risk for 

all values in . Unfortunately ,in most realistic problems , there does not exist 

a single decision function that minimizes the risk for all possible values of  . 

Since the value of   is unknown , this limits the usefulness of risk as a criterion 

for selecting a decision function . However ,risk can be used as a guide . For 



example , for partial ordering of the Ds'd   , where a decision rule d is better 

than decision rule 'd  if  

    )'d,(R)d,(R    for every     

    and    )'d,(R)d,(R    for at least one     

 

8.2.1 Prior and Posterior probabilities [74]. 

    Baye's theorem is the fundamental tool used to arrive a Bayesian decision 

theory .  

      The prior model is assumed to represent the totality of subjective 

information available concerning the parameter   prior to the experiment , 

thus it is not functionally dependent upon x . On the other hand , the sampling 

model depends on the values of the parameter   and is thus a conditional 

probability distribution . The posterior model tells us what is known about   

given knowledge of the data x . It is essentially an updated version of our prior 

knowledge about   in light of knowledge of the sample data- hence , the name 

posterior model .  

      Bayes theorem states that the posterior model is related to the prior and 

sampling models according to  

       
)x(f

)()/x(f
)x/(


   

where )(  is the prior probability distribution of  (the prior model) , 

)/x(f  is the conditional probability distribution of x  given   (the sampling 

model) , 



 )x/( is the posterior probability distribution of   given x  (the posterior 

model ) and 

 )x(f  is the marginal probability distribution of X  .  

)x(f  may be obtained according to :  

                                                    if   is continuous  

)x(f =  

                                                    if   is discrete  

 

 

 

8.2.2 Bayes risk and Bayes decision rule [81]   

       Let us now define the Bayes risk of a decision function d  as the expected 

value of the risk )d,(R   with respect to the prior distribution )( on  , 

namely  

   )],([)( dREdB   

         


  ddR )(),(                 if   is continuous , 

         





 )(),( dR                  if   is discrete . 

The minimum Bayes risk is defined by    )d(Bmin)d(B
Dd

*


  




 d)()/x(f  




 )()/x(f  



and *d is called the Bayes decision rule or optimal decision rule  . Note that for 

a given decision there will not be a unique Bayes decision function. This will  

depend upon the choice of )( .If d  is a Bayes decision function then )X(d is 

called a Bayes estimator and )x(d  a Bayes estimate . The mean of the 

posterior distribution is the Bayes estimate with respect to quadratic loss.  

   Now , returning to the form of the Bayes risk )d(B ,we have  

  )d(B 



 d)()d,(R  

          

 

 d)(}dx)/x(f)d,(L{  . 

    Assuming that the functions involved permit the interchange of the order of 

integration , the Bayes risk is  

     )d(B  

 

 dx)x(f}d)x/())x(d,(L{                                        (8.2.2.8) 

Since , by the definition of conditional probability density function  ,  

   )x(f)x/()()/x(f     . 

Finding a *d  to minimize the Bayes risk (8.2.2.8) is equivalent to minimizing 

the inner integral for each xX   . The calculation of Bayes decision can 

therefore be carried out in two steps . First ,find )x/( using Bayes Theorem; 

then minimize the posterior expected loss  

      




 d)x/())x(d,(L)))x(d,(L(E
)x/(

 .  

 



8.3 Outline of the thesis  

          The rest of this thesis is organized as follows: In chapter, two we present 

a Bayesian two-stage procedure for selecting the better of two Binomial 

populations. Decision –theoretic approach is used to construct this procedure . 

The performance of this procedure has been investigated in terms of Bayes 

risk.  Some two-stage selection procedures that based on posterior estimates 

and some sampling rules , studied using Monte Carlo simulation , are 

presented in chapter three . Chapter four contains some concluding remarks 

and some suggestions for future work . The appendices contain listings of the 

computer programs which have been used to produce the numerical part of 

this thesis.   

Chapter Two 

Bayesian Two – stage procedures : 

Decision – theoretic approach 

 

 

7.8 Summary  

            In this chapter, the Bayesian decision approach , where prior 

distribution on the unknown parameters and the loss function are specified , is 

used to construct a two-stage procedure for selecting the better of two 

Binomial populations .  

           A computer program has been written in Fortran power station, given in 

appendix (A ) to calculate the above procedure .  



          The structure of this chapter is as follows. In section 7.7 , the Binomial 

selection problem is formulated as a two- decision problem . Section 7.3 

contains the proposed Bayesian two-stage selection procedure (TSTAGE –

D).The construction of this procedure under constant and linear losses , is 

given in subsection 7.3.8 . Some numerical results concerning this procedure 

are given in subsection 7.3.7 . 

            Section 7.2 deals with Bayesian one-stage procedure (OSTAGE-D) for 

selecting the better of two Binomial populations . In subsection 7.2.8 , the 

derivation of the procedure (OSTAGE-D) is presented . Subsection 7.2.7 

contains some numerical results concerning the procedure (OSTAGE-D) .  

              Comparisons of the procedures TSTAGE-D and OSTAGE-D using overall 

Bayes risk are given in section 7.1 .  

 

7.7 Bayesian Decision-Theoretic Formulation  

             Consider the two Binomial populations  1  and 2  with 1p and 2p  

as their unknown success probabilities for a single trial respectively .  

            Now, consider the following two – decision problem with decisions :  

          

    1d : 1p   2p   

and  

     2d : 1p  < 2p  



Furthermore ,in making decisions 1d  and 2d  , we assume the following loss 

functions.  

     8- Constant loss Function  

    

                  


)p,d(L 11   

             and                                                                                        7.7.8 

 

                 


)p,d(L 22       

 

  7- Linear Loss Function  

               

                 


)p,d(L 11   

            and                                                                                          7.7.7 

 

                 


)p,d(L 22  

 

where K8 and K7 are positive constants giving losses  in terms of costs and 

)p,p(p 21


 .  

0      if    1p   2p   

 
K8      if    1p  < 2p  

 

K7     if    1p > 2p   

 

0      if    1p    2p  

 

K7 (p8 – p7 )      if    1p > 2p   

 

K8 (p7 – p8 )      if    1p  < 2p  

 

0                       if    1p   2p   

 

0                        if    1p    2p  

 



     The Bayesian approach requires that we specify a prior probability density 

function )p( i , expressing our beliefs about ip  before we obtain the data . 

From a mathematical point of view , it would be convenient if ip  is assigned a 

prior distribution which is a member of a family of distributions closed under 

binomial sampling or as a member of the conjugate distributions . Accordingly, 

let ip  is assigned Beta prior distribution with parameters '
in  , '

ir ,  Beta ( '
ir , '

in ) . 

The normalized density function (Raiffa and Schlaifer (8968)) is given by  
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where )rn,r(B '
i

'
i

'
i   is the complete Beta function . It is also assumed that ip  

are a prior independent . The parameters '
ir  , '

in  need not be integers.  

However , it is convenient if from this point , we assume that '
ir  , '

in  are 

integers so that we can replace the gamma functions by factorial terms in our 

formulation of the procedure .  

       In addition to the prior  information , we obtain some sample information 

from the population )2,1i(i  . In doing , we assume that we observe the 

number of successes *
ir  , obtained in *

in  trials giving the probability function  
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The posterior probability density function is derived from the prior probability 

function and the assumed sampling model by means of Bayes theorem 

mentioned earlier . 
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where *
i

'
i

"
i rrr    and *

i
'
i

"
i nnn    ,  2,1i    . 

If the sample size *
in  taken from population i  is large , then the action choice 

of prior parameters ( '
ir  , '

in ) has little effect on the posterior density function 

which can be well approximated by a Beta probability density function with 

parameters andr*
i  *

in  . In  this case it is sufficient to take the uniform prior 

distribution  1)p( i  , to express our vague knowledge about the parameters 

of interest .  

          As the Beta family is conjugate with the Binomial sampling , it is 

unnecessary to revise a Beta prior distribution on the basis of a sample from a 

Bernoulli process using Bayes theorem . Given the prior distribution and the 

sampling results ,we need simply note that  

                      *
i

'
i

"
i rrr               and               *

i
'
i

"
i nnn    , 

are the parameters of the posterior Beta density function .  

 

7.1 Bayesian Two-stage procedures(TSTAGE-D)  



            In this section , we present a two-stage procedure for selecting the 

better of two Binomial populations in two stages using the Bayesian decision-

theoretic formulation given in section 7.7 .  

 

    7.1.8 Construction of the procedure (TSTAGE-D) 

           Let the probabilities of success in the first and second populations be 1p  

and 2p  respectively . Suppose we had decided prior to the experiment that we 

will take n  observations in the first stage and m  observations in the second 

stage.   Furthermore , n  is partitioned into 1n  and 2n  , the number of 

observations for population 8 and for population 7 respectively .In the second 

stage on basis of the results in the first stage m  is partitioned into 1m  and 2m  

the number of observations for population 8 and for population 7 respectively,  

Let the number of successes for population 8 and population 7 be 1r  and 2r in 

the first stage and 1s  and  2s in the second stage . 

       After the second stage , on the basis of the results for the first and second 

stages , we choose either decision 1d  or decision  2d .  

 

 

 We will use the following notations :  

Let )r,r(r 21


   , )s,s(s 21


 , )n,n(n 21


 and )m,m(m 21


. The joint prior 

probability distributions of 1p  and 2p is given by  
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where '
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2n  are positive  integers ; )rn,r(B '
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'
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are beta functions ,  1p0 i    ,  2,1i   . 

Since 1r  , 2r , 1s and  2s each has binomial distribution , therefore ,the joint 

posterior distributions of 1p  and 2p  given 1r , 2r , 1n and 2n is          ),n,r/p(


 =
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and the joint posterior distributions of 1p  and 2p  given 1r  , 2r , 1s , 2s , 1n ,  2n ,

1m  and 2m is  
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Let 1  be a decision of what size 1n  and consequently 2n = n - 1n  ; and 2  be a 

decision of what size 1m and consequently 2m = m  - 1m . That is  

1  will be n..,..........,.........2,1,0  

and  

2  will be m...,..........,.........2,1,0  . 



The problem is to select 1  at the first stage , the 2  is selected on the basis of 

1r , 2r and 1  ; finally  d is selected on the basis of 1r  , 2r , 1s , 2s , 1  and 2 .  

 

The procedure TSTAGE-D can be constructed as follows :  

8. The posterior expected loss of the terminal decision id , when 1r  , 2r , 1s ,

2s , 1  , 2 and id  are fixed , is given by  
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where the subscript )m,s,n,r/p(
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 on the expectation sign is the joint 

posterior of 1p  and 2p  with respect to which the expectation is being 

performed .  

The mathematical forms of )d,m,s,n,r(TST ii
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are derived under constant and 

linear loss functions as follows .  

 

(a) Constant loss function  

     Using constant loss function (7.7.8) , we get  
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(b) Linear loss function  
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The terminal decision rule of the procedure can be described as follows : 

At the point  )m,s,n,r(


 , 

take decision 1d  if   1TST     2TST   

take decision 2d  if   1TST   2TST  . 

Now , to fined the overall risk of this procedure .  
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7.1.7 Numerical results  

         Some numerical  work has been carried out to investigate the two-stage 

procedure (TSTAGE-D) . The results are given in tables (8-7 , ……,6-7) . These 

tables show that the risks decrease as N  increases ,keeping 21 K,K  and the 

priors are fixed . For fixed 21 K,K  and N  , the risks decrease as the difference 

between the priors increases in all cases . As 21 K,K  increases , keeping N  and 

priors fixed , the risks increase .  



         Furthermore , from these tables it appears that the risks under linear loss 

function are smaller than the risks under constant losses .  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table (8-7) 

Values of Bayes risks using two – stage procedures  for various numbers of 

observations N  and various constants k8 , k7 , 

and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r  (7ا8)v(7ا8)=(

k8 , k7 
 

N N8 
N7 

Bayes Risk using Loss function 

Constant  Linear  

 
8 , 8 

 0.0133 0.7982 8ا8 7
 0.0238 0.8639 7ا7 2
6 3 ,3 0.0112 0.0729 

 0.0818 0.0230 2ا2 1

 
7 , 7 

 0.8662 0.1133 8ا8 7
 0.0168 0.3721 7ا7 2
 0.0112 0.8261 3ا3 6
 0.0363 0.0160 2ا2 1

 
3 , 3 

 0.7100 0.1210 8ا8 7
 0.8797 0.2982 7ا7 2
 0.0136 0.7613 3ا3 6
 0.0122 0.0970 2ا2 1

 

Table (7-7) 

Values of Bayes risks using two – stage procedures  for various numbers of 

observations N and various constants k8 , k7 , 

and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r  (3ا8)v(7ا8)=(

k8 , k7 
 

N N8 
N7 

Bayes Risk using Loss function 

Constant  Linear  

 
8 , 8 

 0.0116 0.8662 8ا8 7
2 7,7 0.0978 0.0321 

6 3 ,3 0.0268 0.0767 

 0.0888 0.0771 2ا2 1

 
7 , 7 

 0.8888 0.3332 8ا8 7
 0.0210 0.8128 7ا7 2
 0.0132 0.0977 3ا3 6



 0.0777 0.0210 2ا2 1

 
 

3 , 3 

 0.8662 0.1000 8ا8 7
 0.8871 0.7267 7ا7 2
 0.0106 0.8313 3ا3 6
 0.0333 0.0621 2ا2 1

 

 

Table (3-7) 

Values of Bayes risks using two – stage procedures  for various numbers of 

observations N and various constants k8 , k7 , 

and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r   (2ا8)v(7ا8)=(

k8 , k7 
 

N N8 
N7 

Bayes Risk using Loss function 

Constant  Linear  

 
8 , 8 

 0.0282 0.0132 8ا8 7
 0.0302 0.0380 7ا7 2
6 3 ,3 0.0831 0.0719 

 0.0803 0.0878 2ا2 1

 
7 , 7 

 0.0132 0.8662 8ا8 7
 0.0602 0.0689 7ا7 2
 0.0182 0.0721 3ا3 6
 0.0706 0.0723 2ا2 1

 
3 , 3 

 0.8710 0.7100 8ا8 7
 0.0988 0.0979 7ا7 2
 0.0226 0.0283 3ا3 6
 0.0381 0.0362 2ا2 1

 

Table (2-7) 

Values of Bayes risks using two – stage procedures  for various numbers of 

observations N and various constants k8 , k7 , 

and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r )=(8,7)v(87ا) 

k8 , k7 N N8 Bayes Risk using Loss function 



 N7 Constant  Linear  

 
8 , 7 

 0.0123 0.3210 8ا8 7

 0.0392 0.7777 7ا7 2

6 3 ,3 0.8728 0.0316 

 0.0731 0.0619 2ا2 1

 
8 , 3 

 0.8888 0.2862 8ا8 7
 0.0203 0.7100 7ا7 2
 0.0222 0.8138 3ا3 6
 0.0717 0.0106 2ا2 1

 
8 , 2 

 0.8721 0.2113 8ا8 7
 0.0296 0.7221 7ا7 2
 0.0112 0.8270 3ا3 6
 0.0327 0.0970 2ا2 1

 

Table (1-7) 

Values of Bayes risks using two – stage procedures  for various numbers of 

observations N and various constants k8 , k7 , 

and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r  (3ا8)v(7ا8)=(

k8 , k7 
 

N N8 
N7 

Bayes Risk using Loss function 

Constant  Linear  

 
8 , 7 

 0.0133 0.7133 8ا8 7
 0.0160 0.8260 7ا7 2
6 3 ,3 0.0226 0.0328 
 0.0780 0.0397 2ا2 1

 
8 , 3 

 0.8000 0.3662 8ا8 7
 0.0622 0.8161 7ا7 2
 0.0262 0.0922 3ا3 6
 0.0762 0.0178 2ا2 1

 
8 , 2 

 0.8013 0.2333 8ا8 7
 0.0232 0.7819 7ا7 2
 0.0139 0.8090 3ا3 6
 0.0719 0.0671 2ا2 1

 



Table (6-7) 

Values of Bayes risks using two – stage procedures  for various numbers of 

observations N and various constants k8 , k7 , 

and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r  (2ا8)v(7ا8)=(

k8 , k7 
 

N N8 
N7 

Bayes Risk using Loss function 

Constant  Linear  

 
 

8 , 7 

 0.0623 0.8113 8ا8 7
 0.0269 0.0161 7ا7 2
6 3 ,3 0.0713 0.0316 

 0.0812 0.0723 2ا2 1

 
8 , 3 

 0.0216 0.7871 8ا8 7
 0.0111 0.0222 7ا7 2
 0.0272 0.0320 3ا3 6
 0.0737 0.0762 2ا2 1

 
8 , 2 

 0.0979 0.7662 8ا8 7
 0.0203 0.0920 7ا7 2
 0.0291 0.0281 3ا3 6
 0.0712 0.0316 2ا2 1

 

 

7.2 Bayesian one-stage selection procedure (OSTAGE-D) 

       In this section the Bayesian one-stage procedure to the problem of 

selecting the better of two Binomial populations is developed to be used for 

comparison with the two –stage procedure  . One-stage procedure means that 

exactly N  observations are taken . Furthermore , N  is partitioned into 1N  and 

2N  , the number of observations taken from populations 1  and 2  

respectively .  



        Let  ip , 2,1i   is assumed to have prior probability with parameters '
in  , '

ir  

, Beta ( '
ir , '

in ) . Let 1R  and 2R  be the number of successes of 1  and 2  

respectively .  

         Based on 1N  and 2N  observations , to determine which decision is 

optimal at the point )nN,rR,nN,rR( '
22

'
22

'
11

'
11  , where 1R0 i  , 

2,1i  , we  have to obtain the posterior expected losses of the decisions and 

the optimal decision is the decision associated with the smaller posterior 

expected decision loss (smaller risk) . Furthermore , let  be a decision of what 

size 1N  and then ( 2N = N - 1N ) , where N0    .  

Let , 
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where '
1
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1 n,r,r and '

2n  are positive  integers . )rn,r(B '
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1   and  )rn,r(B '
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are beta functions and  1p0 i    ,  2,1i  . 
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7.2.8 Construction of the procedure (OSTAGE-D) 



         At the point )nN,rR,nN,rR( '
22

'
22

'
11

'
11   , that is for fixed 1R , 2R  and 

  . The posterior expected loss of taking decision id , )d,,R,R(OST i21i  , is 

given by  

)d,,R,R(OST i21i   )]p,d(L[E ii)N,R,N,R/p( 2211


   ,           2,1i   

where )p,d(L ii


 is the loss function for the decision id  and 

)N,R,N,R/p( 2211


  is the joint posterior probability density of  1p and 2p  with 

respect to which the expectation is being performed .  

           The posterior expected losses , under constant and linear losses,  are 

computed as follows .  

(i) Constant loss function  

       The posterior expected losses 1OST  and 2OST  of making decision 1d  and 2d

respectively , using constant losses , are obtained as follows . 
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Using integration by parts with   
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'
222)p1(
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Now , let  
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(ii) Using linear  loss function  

          The posterior expected losses 1OST  and 2OST  of making decision 1d and 

2d respectively , using linear losses are obtained as follows . 
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The terminal decision rule for OSTAG-D is  as follows : 

take decision 1d  if   1OST     2OST   and  

take decision 2d  if   1OST   2OST . 

    To compare the Two-stage selection procedure TSTAG-D ,with this 

procedure , we should find the prior risk  and in this case we have to find   

8.   ),R,R(OM 211  )d,,R,R(O S Tm i n i21i
di

  for fixed 21 R,R  and  , where 

N0    implies specific value of 1N   and hence 12 NNN   .  

7. For fixed  , we compute  

      )(OM2 
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where, )R,R( 21  is the predictive probability density function of  1R and 2R  
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7.2.7 Numerical Results  

         This section contains some numerical  results about the procedure 

(OSTAGE-D) using different sets of  21 K,K , N  and priors for two kinds of loss 

functions , constant and linear  . The results in tables ( 7-2, ……,7-87) show 

clearly that the risks  decrease as N  increases with  fixed priors , 21 K,K  and 

under the constant losses and linear losses . It is also noted that the risks 

decrease  as the difference between the priors  increase , where 21 K,K  and 

priors are fixed and for both cases , constant losses and linear losses . The 

same tables also display that the risks under linear losses are smaller than the 

risks under constant losses .   

      The comparison of the results concerning the Bayesian two-stage 

procedures which are given in tables ( 8-7,………….,6-7) with that concerning  

the  Bayesian  one-stage  procedure which are given in tables   (2-7,…………,87-

7) show clearly that the performance of the procedure TSTAGE-D is better than 

the performance of the procedure  OSTAGE-D  in terms of risks . Therefore we 

suggest using TSTAGE-D procedure .  

        Furthermore this procedure and the program which is written to execute 

it can produce the optimal partition of the observations that allocate to both 

stage and better the two populations .  

 

 

 



 

 

 

 

 

 

 

 

 

 

Table (2-7) 

Values of Bayes risks using one-stage procedures for various numbers of 

observations N , various constants 21 K,K , 

 and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r  . (7ا8)v(7ا8)=(

k8, k7  N Bayes Risk using Loss function 

Constant  Linear  

 
8 ,8  

7 0.3333 0.0132 
2 0.7100 0.0100 
6 0.7898 0.0319 
1 0.8921 0.0333 

 
7 , 7 

7 0.6662 0.8662 
2 0.1000 0.8000 
6 0.2318 0.0221 
1 0.3190 0.0662 

 
3 , 3  

7 8.0000 0.7100 
2 0.2100 0.8100 
6 0.6127 0.8862 
1 0.1133 0.8000 

 



Table (1-7) 

Values of Bayes risks using one-stage procedures for various numbers of 

observations N , various constants 21 K,K , 

 and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r  . (3ا8)v(7ا8)=(

k8, k7  N Bayes Risk using Loss function 

Constant  Linear  

 
8 ,8  

7 0.7662 0.0116 
2 0.7716 0.0282 
6 0.7037 0.0332 
1 0.8973 0.0733 

 
7 , 7 

7 0.1332 0.8888 
2 0.2128 0.0132 
6 0.2062 0.0662 
1 0.3126 0.0266 

 
3 , 3  

7 0.1000 0.8662 
2 0.6112 0.8710 
6 0.6092 0.8000 
1 0.1661 0.0280 

 

 

Table (9-7) 

Values of Bayes risks using one-stage procedures  for various numbers of 

observations N , various constants 21 K,K , 

and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r  . (2ا8)v(7ا8)=(

k8, k7  N Bayes Risk using Loss function 

Constant  Linear  

 
8 ,8  

7 0.7710 0.0282 
2 0.7000 0.0332 
6 0.8291 0.0300 
1 0.8100 0.0823 

 7 0.2100 0.0132 



7 , 7 2 0.2000 0.0662 
6 0.3191 0.0600 
1 0.3000 0.0316 

 
3 , 3  

7 0.6210 0.8710 
2 0.6000 0.8000 
6 0.1393 0.900 
1 0.1037 0.0676 

 

Table (80-7) 

Values of Bayes risks using one-stage procedures various numbers of observations N 

, various constants 21 K,K , 

 and prior ( '
1

'

1
n,r  )v( '

2
'

2 n,r  . (7ا8)v(7ا8)=(

k8, k7  N Bayes Risk using Loss function 

Constant  Linear  

 
8 ,7 

7 0.2000 0.0982 
2 0.3332 0.0623 
6 0.7971 0.0291 
1 0.7121 0.0201 

 
8 , 3 

7 0.2662 0.8000 
2 0.3123 0.0230 
6 0.3283 0.0129 
1 0.3012 0.0217 

 
8 , 2  

7 0.1000 0.8013 
2 0.2716 0.0182 
6 0.3176 0.0668 
1 0.3732 0.0116 

 

 

 

Table (88-7) 

Values of Bayes risks using one-stage procedures for various numbers of 

observations N , various constants 21 K,K , 



 and priors ( '
1

'

1
n,r  )v( '

2
'

2 n,r  . (3ا8)v(7ا8)=(

k8, k7  N Bayes Risk using Loss function 

Constant  Linear  

 
8 ,7 

7 0.3210 0.0132 
2 0.3862 0.0671 
6 0.7102 0.0296 
1 0.7813 0.0362 

 
8 , 3 

7 0.2862 0.8888 
2 0.3662 0.0216 
6 0.3377 0.0601 
1 0.3002 0.0186 

 
8 , 2 

7 0.1000 0.8721 
2 0.2716 0.0129 
6 0.3191 0.0629 
1 0.3862 0.0122 

 

Table (87-7) 

Values of Bayes risks using one-stage procedures for various numbers of 

observations N  , various constants 21 K,K  , 

and prior ( '
1

'

1
n,r  )v ( '

2
'

2 n,r  . (2ا8)v(7ا8)=(

k8, k7  N Bayes Risk using Loss function  

Constant  Linear  

 
8 ,7  

7 0.3332 0.0623 
2 0.7907 0.0298 
6 0.7602 0.0391 
1 0.7000 0.0722 

 
8 , 3 

7 0.2862 0.0216 
2 0.3623 0.0602 
6 0.3776 0.0296 
1 0.7100 0.0327 

 
8 , 2  

7 0.1000 0.0979 
2 0.2028 0.0273 
6 0.3113 0.0192 



1 0.3088 0.0222 

 

Chapter Three 

Bayesian Two-stage procedures : 

Monte Carlo simulation studies 

 

1.8 Summary  

      In this chapter we present Bayesian two-stage procedures for selecting the 

better of two Binomial populations using Monte Carlo studies (MC) . 

Description of MC method  is given in section 3.7 . Section 3.3 contains 

Bayesian two-stage procedures under different sampling rules . Some 

numerical results are given in section 3.2    .   

 

1.7 Description of the Monte Carlo ( M C ) studies  

              In this section we briefly describe the method of  MC  simulation 

method as it is applied to our procedures . Monte Carlo studies have been 

carried out to investigate some of the performance characteristics of the 

proposed procedures . Computer programs , which simulate the operations of 

these procedure , were written in Fortran power station .  

           The simulation programs perform a large number of runs t   ( t = 1000) , 

which are assumed to be independent in order to obtain MC estimates with 

high precision . At each run mutually independent Bernoulli observations are 

generated by using the assumed probability model with iP ( 2,1i  ) specified in 



advance and then the selection procedure is applied . The observed values of 

several performance measures are accumulated . 

           At the end of all runs, these accumulated values are divided by  t  to 

obtain the MC estimates of the performance characteristics of interest .  

            The library function is used to generate a uniform  variate )1y0(y  . 

Population  i , with probability of success iP , scored success if the 

corresponding random number ipy   and failure if  )2,1i(py i   . Formally, 

a Binomial )p,n(b  random variable r  can be written as 



n

1i
iyr , where iy  are 

independent Bernoulli random variables , each taking the value 1yi   with 

probability p or 0yi   with probability  )p1(    . Thus to simulate such an r , 

we need just simulate  n  independent  )1,0(U  random variables 21 u,u

nu,,.........  and  set  1yi   if  pui   and  0yi   if pui  .  

             The values of iP ( 2,1i ) are fixed , where for each run of 1000 trials the 

same iP ( 2,1i  ) are used . With the observed value iP  , the value of y can be 

considered as the observed values of a random variable possessing the 

Bernoulli distribution that should be simulated .  

       As measures of performance of the proposed procedure we shall use the 

following measures :  

8.Probability of correct selection P(CS).  

        In a MC experimentation  the population that has the greatest probability 

of success is known to us , so we can check if the procedure gives a correct 

selection . After t repetitions we estimate the probability of correct selection 

by the fraction of correct selection in the t replications . 



It can be computed as follows :  

      P(di / di) : The proportion of number of times when the procedure  stops 

and takes decision di given decision di is true in t repetitions .  

      P(CS) = 


2

1i
ii )d/d(P  , where  211 pp:d   

                                                     212 pp:d   . 

7.Probability of non correct selection P(NCS). 

       It can be compute as follows :   

)d/d( ji : The proportion of number of times when the procedure stops and 

takes decision id  given jd  is true ( 2,1j,i  ) in t repetitions.  

  P(NCS)= )d/d()d/d()d/d( 1221ji
ji

 


 . 

 

3. E(Ri), expected number of successes from population i  .An estimate of 

E(Ri) is given by :  

           
t

R)R(E

t

1j

iji 


   ,   2,1i   ,  

   where ijR  is the number of successes gained in the jth run from population 

i . 

2. E(R), expected number of successes from population 8 and population 7.   

An estimate of E(R) is given by :  



E(R) = E(R8) + E(R7) . 

1. E(R*)=E(R)+(N-N*). Expected number of successes if sampling continues with 

chosen population for the remaining (N-N*) observations .   

 

1.1 Bayesian Two-stage procedures under different sampling       

rules .  

        In this section , we present Bayesian two-stage procedures for selecting 

the better of two binomial populations using simulation . A fixed number of 

observations N is taken on both populations during the two-stage procedures,  

where in the first stage a fixed number of observation N*  is taken and 

remaining  N-N* observations will be taken in the second stage . Furthermore , 

we will use the following sampling rules in the first stage . 

 

8. Fixed sample size  

     In this sampling rule we take N8 observations from 1  and N7 observations 

from 2  , where N* =N8+N7 . The selection two-stage procedures using this 

sampling rule , we will called first stage fixed sample size (8st-FS) . 

 

 

 

7. Play-The winner sampling rule (PWR)  



      This sampling rule chooses one of the populations  at random and observes 

from it until a failure is observed , it then switches and observes from the other  

population until it yields a failure , in which case we switch to the first 

population , etc. , continuing until N* observations have been made .  

The two-stage procedure which uses this sampling rule will be called first stage 

play the winner procedure ( 8st-PWR) .  

1. Group at a time sampling rule (GTR)  

          This sampling rule takes groups of observations (one each from 1 and 

2 )   until N* observations have been made . Note that  N*=7nh , where 7n  

the size of group , n number of observation taken from each population , h 

number of group .  

The two-stage procedure which uses this sampling rule will be called first stage 

group at a time procedure  ( 8st-GTR) . We would like to mention that the 

sampling rule GTR is the same as sampling rule vector at a time when n=8.  

That is one pairs of observations ( one observation from each population ) is 

taken at each time . 

 In all these procedures the terminal decision rule is as follows : 

Take decision 1d  if   
^

2

^

1 pp   

Take decision 1d  if   
^

2

^

1 pp    . 

        It is  of interest , at this stage , to mention a similar problem , called two-

armed band problem . A two – armed bandit consists of two experiments , 

each may generate identically independent distributed Bernoulli random 

variables . After each trial the experimenter may use either experiment to 



generate the next trial . The object of the game is to maximize the expected 

number of successes in N trials [71]  .  

      

 

  

1.2 Numerical Results  

      The value of the measures (characteristics) were calculated from the results 

of Mote Carlo simulations with 1000 trials for fixed values of ( 21 p,p ).  

        In the following we discuss the performance of the  procedures  8st-FS , 

8st-GTR(n=8) and  8st-PWR under various parameters ( 21 p,p ) ,various 

sample size  N  , 1N  , 2N  and different priors .  

8. The MC estimates of P(CS)  

Tables (8-3 ,7-3 ,3-3) , where 1p =0.8 and 2p  0.3(0.7)0.9 , priors 

1N , (7ا8)v(7ا8) =3 , 2N =3 and various N  , show that P(CS) increases as  

the  difference  between 1p  and 2p  increases for the procedures 8st-FS,  

8st-GTR(n=8) and  8st-PWR  . However , in tables (2-3 ,1-3 ,6-3) we 

notice that the increasing N  does not effect on P(CS) for above 

procedures since the number of observations on population 8 and 

population 7 in the first stage are fixed to  1N =3 , 2N =3 for all values of 

N  . Furthermore , the situation is reverse if we take  1p =0.8(0.7)0.2 , 

2p  0.3(0.7)0.9 and 2p - 1p =0.7 , that is P(CS) decreases , keeping 

other quantities are the same as before . The two groups of tables (2-

 are similar in behaviors to the groups of (3-87ا3-88ا80-3) and (3-9ا3-1ا3



tables (8-33-3ا3-7ا) and (2-33-6ا3-1ا) respectively with little increase in 

P(CS) due to the increase of 1N  and  2N  .  

Tables (83-33-81ا3-82ا) show that P(CS) increase under various priors 

and various  N  with 1N =3 , 2N =3 and ( 21 p,p  and when (0.1ا0.3)=(

the difference between priors increase . However , tables (86-381ا3-82ا-

3) indicate that P(CS) is constant if the priors increase with same 

constant difference between each pair of priors . In tables (89-3) shows 

the performance of  8st-GT under various group sizes , namely when the 

group size , 7n=730ا80ا6ا  we notice that P(CS)  increase as 7n  increases 

.  

      

 If we compare   the procedure 8st-FS , 8st-GTR(n=8) and  8st-PWR in 

terms of P(CS) , we note that 8st-FS is the best . 

 

7. The MC estimates of E(R ) 

Tables (8-33-87 ,..…………,3-7ا) , show that E(R ) increase as the 

difference between  1p  and 2p increases . Furthermore ,we notice from 

them that  E(R ) increase as N  increases for all procedures 8st-FS , 8st-

GTR(n=8) and  8st-PWR . Tables(83-3,………….,81-3) , show that  E(R ) , 

will be constant as the difference between priors increases . Also, we 

note that E(R ) increase as N  increases . In tables (89-3) shows the 

performance of  8st-GT under various group sizes , namely when the 

group size , 7n=730ا80ا6ا  we notice that E(R ) constant as 7n  increases.  



If ,we use , the  performance measure  E(R ) in  comparison that  8st-

PWR is the best among these procedures .    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Table ( 8-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 8-stage FS size when  parameters  

P8 =0.8 , P7=0.3 (0.7) 0.9 and various numbers of observations N , 

 where , N8=3 , N7=3   and Priors (87ا)v(87ا). 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

11 

(1.1,1.3) 1.9821 1.1191 522222 

(1.1,1.5) 1.8544 1.1456 529716 

(1.1,1.0) 1.8966 1.1134 6.3336 

(1.1,1.8) 1.8899 1.1112 922226 

 

21 

(1.1,1.3) 1.9821 1.1191 1522222 

(1.1,1.5) 1.8544 1.1456 1529716 

(1.1,1.0) 1.8966 1.1134 1623336 

(1.1,1.8) 1.8899 1.1112 1922226 

 

31 

(1.1,1.3) 1.9821 1.1191 2522222 

(1.1,1.5) 1.8544 1.1456 2529716 

(1.1,1.0) 1.8966 1.1134 2623336 

(1.1,1.8) 1.8899 1.1112 2922226 

 

41 

(1.1,1.3) 1.9821 1.1191 3522222 

(1.1,1.5) 1.8544 1.1456 3529716 

(1.1,1.0) 1.8966 1.1134 3623336 

(1.1,1.8) 1.8899 1.1112 3922226 

 

51 

(1.1,1.3) 1.9821 1.1191 4522222 

(1.1,1.5) 1.8544 1.1456 4529716 

(1.1,1.0) 1.8966 1.1134 4623336 

(221,227) 227733 222212 4922226 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table (7-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 8-stage GTR(n=8) sample  when parameters 

P8 =0.8 , P7=0.3 (0.7) 0.9 and various numbers of observations N , 

where , N8=3 , N7=3   and  Priors (87ا)v(87ا). 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

 

11 

(1.1,1.3) 1.5394 1.4616 522222 

(1.1,1.5) 1.0611 1.2381 529762 

(1.1,1.0) 1.8149 1.1152 623963 

(1.1,1.8) 1.8834 1.1166 922223 

 

 

21 

(1.1,1.3) 1.5394 1.4616 15.2222 

(1.1,1.5) 1.0611 1.2381 1529762 

(1.1,1.0) 1.8149 1.1152 1623963 



(1.1,1.8) 1.8834 1.1166 1922223 

 

 

31 

(1.1,1.3) 1.5394 1.4616 2522222 

(1.1,1.5) 1.0611 1.2381 2529762 

(1.1,1.0) 1.8149 1.1152 2623963 

(1.1,1.8) 1.8834 1.1166 2922223 

 

 

 

41 

(1.1,1.3) 1.5394 1.4616 3522222 

(1.1,1.5) 1.0611 1.2381 3529762 

(1.1,1.0) 1.8149 1.1152 3623963 

(1.1,1.8) 1.8834 1.1166 3922223 

 

 

 

51 

(1.1,1.3) 1.5394 1.4616 4522222 

(1.1,1.5) 1.0611 1.2381 4529762 

(1.1,1.0) 1.8149 1.1152 4623963 

(221,227) 227734 222266 4922223 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Table ( 3-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 8-stage PWR sample when  parameters P8 

=0.8 , P7=0.3 (0.7) 0.9 and various numbers of observations N , 

 where , N8=3 , N7=3   and  Priors (87ا)v(87ا) . 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

 

11 

(1.1,1.3) 1.5311 1.4011 522126 

(1.1,1.5) 1.0542 1.2459 527172 

(1.1,1.0) 1.8132 1.1869 623993 

(1.1,1.8) 1.8949 1.1152 321734 

 

 

21 

(1.1,1.3) 1.5311 1.4011 1522126 

(1.1,1.5) 1.0542 1.2459 1527172 

(1.1,1.0) 1.8132 1.1869 16.3993 

(1.1,1.8) 1.8949 1.1152 1321734 

 

 

31 

(1.1,1.3) 1.5311 1.4011 2522126 

(1.1,1.5) 1.0542 1.2459 2527172 

(1.1,1.0) 1.8132 1.1869 2623993 

(1.1,1.8) 1.8949 1.1152 2321734 

 

 

 

41 

(1.1,1.3) 1.5311 1.4011 3522126 

(1.1,1.5) 1.0542 1.2459 3527172 

(1.1,1.0) 1.8132 1.1869 3623993 

(1.1,1.8) 1.8949 1.1152 3321734 

 

 

 

51 

(1.1,1.3) 1.5311 1.4011 4522126 

(1.1,1.5) 1.0542 1.2459 4527172 

(1.1,1.0) 1.8132 1.1869 4623993 

(221,227) 227343 222152 4321734 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table ( 2-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 8-stage FS size when  parameters  

P8 =0.8 (0.7) 0.2 , P7=0.3 (0.7) 0.9and various numbers of observations N , 

where , N8=3 , N7=3   and  Priors (87ا)v(87ا) . 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

 

11 

(1.1,1.3) 1.9821 1.1191 522222 

(1.3,1.5) 1.9219 1.1092 623964 

(1.5,1.0) 1.9136 1.1964 924362 

(1.0,1.8) 1.9126 1.1804 326376 

 (1.1,1.3) 1.9821 1.1191 1522222 



 

21 

(1.3,1.5) 1.9219 1.1092 1623964 

(1.5,1.0) 1.9136 1.1964 1924362 

(1.0,1.8) 1.9126 1.1804 1326376 

 

 

31 

(1.1,1.3) 1.9821 1.1191 2522222 

(1.3,1.5) 1.9219 1.1092 2623964 

(1.5,1.0) 1.9136 1.1964 2924362 

(1.0,1.8) 1.9126 1.1804 2326376 

 

 

 

41 

(1.1,1.3) 1.9821 1.1191 3522222 

(1.3,1.5) 1.9219 1.1092 3623964 

(1.5,1.0) 1.9136 1.1964 3924362 

(1.0,1.8) 1.9126 1.1804 3326376 

 

 

 

51 

(1.1,1.3) 1.9821 1.1191 4522222 

(1.3,1.5) 1.9219 1.1092 4623964 

(1.5,1.0) 1.9136 1.1964 4924362 

(229,227) 223226 221794 4326376 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

Table ( 1-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 8-stage GTR(n=8) sample  when parameters 

P8 =0.8 (0.7) 0.2 , P7=0.3 (0.7) 0.9 and various numbers of observations N , where , 

N8=3 , N7=3   and  Priors (87ا)v(87ا) . 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

11 

(1.1,1.3) 1.5394 1.4616 522222 

(1.3,1.5) 1.5231 1.4001 623932 

(1.5,1.0) 1.5214 1.4086 924343 

(1.0,1.8) 1.5101 1.4931 326366 

 

21 

(1.1,1.3) 1.5394 1.4616 1522222 

(1.3,1.5) 1.5231 1.4001 1623932 

(1.5,1.0) 1.5214 1.4086 1924343 

(1.0,1.8) 1.5101 1.4931 1326366 

 

31 

(1.1,1.3) 1.5394 1.4616 2522222 

(1.3,1.5) 1.5231 1.4001 2623932 

(1.5,1.0) 1.5214 1.4086 2924343 

(1.0,1.8) 1.5101 1.4931 2326366 

 

41 

(1.1,1.3) 1.5394 1.4616 3522222 

(1.3,1.5) 1.5231 1.4001 3623932 

(1.5,1.0) 1.5214 1.4086 3924343 

(1.0,1.8) 1.5101 1.4931 3326366 

 

51 

(1.1,1.3) 1.5394 1.4616 4522222 

(1.3,1.5) 1.5231 1.4001 4623932 

(1.5,1.0) 1.5214 1.4086 4924343 

(229,227) 225192 224332 4326366 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table (6-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 8-stage PWR sample when  parameters  

P8 =0.8 (0.7) 0.2 , P7=0.3 (0.7) 0.9 and various numbers of observations N ,  

where , N8=3 , N7=3   and  Priors (87ا)v(87ا) . 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

11 

(1.1,1.3) 1.5311 1.4011 522126 

(1.3,1.5) 1.5219 1.4082 623374 

(1.5,1.0) 1.5116 1.4994 925633 



(1.0,1.8) 1.5154 1.4845 329262 

 

21 

(1.1,1.3) 1.5311 1.4011 1522126 

(1.3,1.5) 1.5219 1.4082 1623374 

(1.5,1.0) 1.5116 1.4994 1925633 

(1.0,1.8) 1.5154 1.4845 1329262 

 

31 

(1.1,1.3) 1.5311 1.4011 2522126 

(1.3,1.5) 1.5219 1.4082 2623374 

(1.5,1.0) 1.5116 1.4994 2925633 

(1.0,1.8) 1.5154 1.4845 2329262 

 

41 

(1.1,1.3) 1.5311 1.4011 3522126 

(1.3,1.5) 1.5219 1.4082 3623374 

(1.5,1.0) 1.5116 1.4994 3925633 

(1.0,1.8) 1.5154 1.4845 3329262 

 

51 

(1.1,1.3) 1.5311 1.4011 4522126 

(1.3,1.5) 1.5219 1.4082 4623374 

(1.5,1.0) 1.5116 1.4994 4925633 

(229,227) 2.5254 224745 4329262 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

Table ( 2-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 8-stage FS size when  parameters  

P8 =0.8  , P7=0.3 (0.7) 0.9 and various numbers of observations N ,  

where , N8=2, N7=2   and  Priors (87ا)v(87ا) . 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

11 

(1.1,1.3) 1.9806 1.1124 326132 

(1.1,1.5) 1.8509 1.1422 424194 

(1.1,1.0) 1.8811 1.1111 521362 

(1.1,1.8) 1.8884 1.1116 622123 

 

21 

(1.1,1.3) 1.9806 1.1124 1326132 

(1.1,1.5) 1.8509 1.1422 1424194 

(1.1,1.0) 1.8811 1.1111 15.1362 

(1.1,1.8) 1.8884 1.1116 1622123 

 

31 

(1.1,1.3) 1.9806 1.1124 2326132 

(1.1,1.5) 1.8509 1.1422 2424194 

(1.1,1.0) 1.8811 1.1111 2521362 

(1.1,1.8) 1.8884 1.1116 2622123 

 

41 

(1.1,1.3) 1.9806 1.1124 3326132 

(1.1,1.5) 1.8509 1.1422 3424194 

(1.1,1.0) 1.8811 1.1111 3521362 

(1.1,1.8) 1.8884 1.1116 3622123 

 

51 

(1.1,1.3) 1.9806 1.1124 4326132 

(1.1,1.5) 1.8509 1.1422 4424194 

(1.1,1.0) 1.8811 1.1111 4521362 

(221,227) 227774 222226 4622123 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table ( 1-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 8-stage GTR(n=8) sample  when  parameters 

P8 =0.8  , P7=0.3 (0.7) 0.9 and various numbers of observations N , 

 where , N8= 2, N7= 2  and  Priors (87ا)v(87ا) . 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

 

(1.1,1.3) 1.6124 1.3906 325714 

(1.1,1.5) 1.9424 1.1506 423762 



11 (1.1,1.0) 1.8554 1.1446 521923 

(1.1,1.8) 1.8864 1.1136 622242 

 

 

21 

(1.1,1.3) 1.6124 1.3906 1325714 

(1.1,1.5) 1.9424 1.1506 1423762 

(1.1,1.0) 1.8554 1.1446 1521923 

(1.1,1.8) 1.8864 1.1136 1622242 

 

 

31 

(1.1,1.3) 1.6124 1.3906 2325714 

(1.1,1.5) 1.9424 1.1506 2423762 

(1.1,1.0) 1.8554 1.1446 2521923 

(1.1,1.8) 1.8864 1.1136 2622242 

 

41 

(1.1,1.3) 1.6124 1.3906 3325714 

(1.1,1.5) 1.9424 1.1506 3423762 

(1.1,1.0) 1.8554 1.1446 3521923 

(1.1,1.8) 1.8864 1.1136 3622242 

 

51 

(1.1,1.3) 1.6124 1.3906 4325714 

(1.1,1.5) 1.9424 1.1506 4423762 

(1.1,1.0) 1.8554 1.1446 4521923 

(221,227) 227764 222236 4622242 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

Table ( 9-3) 

Values of   P(CS) , P(NCS) and E(R ) using 8-stage PWR sample when  parameters  

P8 =0.8  , P7=0.3 (0.7) 0.9 and various numbers of observations N , 

where , N8=2 , N7=2   and  Priors (87ا)v(87ا) . 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

11 

(1.1,1.3) 1.6164 1.3836 326322 

(1.1,1.5) 1.9352 1.1649 426373 

(1.1,1.0) 1.8512 1.1499 527924 

(1.1,1.8) 1.8862 1.1139 923392 

 

21 

(1.1,1.3) 1.6164 1.3836 1326322 

(1.1,1.5) 1.9352 1.1649 1426373 

(1.1,1.0) 1.8512 1.1499 1527924 

(1.1,1.8) 1.8862 1.1139 1923392 

 

31 

(1.1,1.3) 1.6164 1.3836 2326322 

(1.1,1.5) 1.9352 1.1649 2426373 

(1.1,1.0) 1.8512 1.1499 2527924 

(1.1,1.8) 1.8862 1.1139 2923392 

 

41 

(1.1,1.3) 1.6164 1.3836 3326322 

(1.1,1.5) 1.9352 1.1649 3426373 

(1.1,1.0) 1.8512 1.1499 3527924 

(1.1,1.8) 1.8862 1.1139 3923392 

 

51 

(1.1,1.3) 1.6164 1.3836 4326322 

(1.1,1.5) 1.9352 1.1649 4426373 

(1.1,1.0) 1.8512 1.1499 4527924 

(221,227) 227762 222233 4923392 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table ( 11-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 1-stage FS size when  parameters  

P8 =0.8(0.7) 0.2  , P7=0.3 (0.7) 0.9  and various numbers of observations N , 

 where , N1=4, N2=4   and  Priors (1,2)v(1,2) . 

 

N (P1,P2) P(CS) P(NCS) E(R ) 



 

11 

(1.1,1.3) 1.9806 1.1124 326132 

(1.3,1.5) 1.9326 1.1604 521794 

(1.5,1.0) 1.9269 1.1032 629624 

(1.0,1.8) 1.9162 1.1939 323356 

 

21 

(1.1,1.3) 1.9806 1.1124 1326132 

(1.3,1.5) 1.9326 1.1604 1521794 

(1.5,1.0) 1.9269 1.1032 1629624 

(1.0,1.8) 1.9162 1.1939 1323356 

 

31 

(1.1,1.3) 1.9806 1.1124 2326132 

(1.3,1.5) 1.9326 1.1604 2521794 

(1.5,1.0) 1.9269 1.1032 2629624 

(1.0,1.8) 1.9162 1.1939 2323356 

 

41 

(1.1,1.3) 1.9806 1.1124 3326132 

(1.3,1.5) 1.9326 1.1604 3521794 

(1.5,1.0) 1.9269 1.1032 3629624 

(1.0,1.8) 1.9162 1.1939 3323356 

 

51 

(1.1,1.3) 1.9806 1.1124 4326132 

(1.3,1.5) 1.9326 1.1604 4521794 

(1.5,1.0) 1.9269 1.1032 4629624 

(229,227) 223162 221333 4323356 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

Table (11-3) 

Values of   P(CS) , P(NCS) and E(R ) using 1-stage GTR(n=8) sample  when  parameters 

P8 =0.8(0.7) 0.2  , P7=0.3 (0.7) 0.9  and various numbers of observations N ,where , 

N1= 4, N2= 4  and  Priors (1,2)v(1,2) . 

 

N (P1,P2) P(CS) P(NCS) E(R ) 

 

11 

(1.1,1.3) 1.6124 1.3906 325714 

(1.3,1.5) 1.6162 1.3839 521726 

(1.5,1.0) 1.5854 1.4146 629566 

(1.0,1.8) 1.5989 1.4112 323342 

 

21 

(1.1,1.3) 1.6124 1.3906 1325714 

(1.3,1.5) 1.6162 1.3839 1521726 

(1.5,1.0) 1.5854 1.4146 1629566 

(1.0,1.8) 1.5989 1.4112 1323342 

 

31 

(1.1,1.3) 1.6124 1.3906 2325714 

(1.3,1.5) 1.6162 1.3839 2521726 

(1.5,1.0) 1.5854 1.4146 2629566 

(1.0,1.8) 1.5989 1.4112 2323342 

 

41 

(1.1,1.3) 1.6124 1.3906 3325714 

(1.3,1.5) 1.6162 1.3839 3521726 

(1.5,1.0) 1.5854 1.4146 3629566 

(1.0,1.8) 1.5989 1.4112 3323342 

 

51 

(1.1,1.3) 1.6124 1.3906 4325714 

(1.3,1.5) 1.6162 1.3839 4521726 

(1.5,1.0) 1.5854 1.4146 4629566 

(229,227) 225373 224122 4323342 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table ( 12-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 1-stage PWR sample when  parameters  

P8 =0.8(0.7) 0.2  , P7=0.3 (0.7) 0.9  and various numbers of observations N , 

where , N1=4 , N2=4   and  Priors (1,2)v(1,2) 

 



N (P1,P2) P(CS) P(NCS) E(R ) 

 

11 

(1.1,1.3) 1.6164 1.3836 326322 

(1.3,1.5) 1.5856 1.4144 522242 

(1.5,1.0) 1.5961 1.4141 623232 

(1.0,1.8) 1.5612 1.4389 324164 

 

21 

(1.1,1.3) 1.6164 1.3836 1326322 

(1.3,1.5) 1.5856 1.4144 1522242 

(1.5,1.0) 1.5961 1.4141 1623232 

(1.0,1.8) 1.5612 1.4389 1324164 

 

 

31 

(1.1,1.3) 1.6164 1.3836 2326322 

(1.3,1.5) 1.5856 1.4144 2522242 

(1.5,1.0) 1.5961 1.4141 2623232 

(1.0,1.8) 1.5612 1.4389 2324164 

 

41 

(1.1,1.3) 1.6164 1.3836 3326322 

(1.3,1.5) 1.5856 1.4144 3522242 

(1.5,1.0) 1.5961 1.4141 3623232 

(1.0,1.8) 1.5612 1.4389 3324164 

 

51 

(1.1,1.3) 1.6164 1.3836 4326322 

(1.3,1.5) 1.5856 1.4144 4522242 

(1.5,1.0) 1.5961 1.4141 4623232 

(229,227) 225622 224373 4324164 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

Table ( 13-3 ) 

   Values of   P(CS) , P(NCS) and E(R ) using 1-stage FS size under 

 various priors and various numbers of observations N , 

where  N1=3 , N2=3    , (P1,P2)= (1.3,1.5)  

 

N Priors P(CS) P(NCS) E(R ) 

 

11 

(1,11)v(2,11) 1.8631 1.1301 623764 

(1,11)v(3,11) 1.8864 1.1136 623764 

(1,11)v(4,11) 1.1111 1.1111 623764 

(1,11)v(5,11) 1.1111 1.1111 623764 

 

21 

(1,11)v(2,11) 1.8631 1.1301 1623764 

(1,11)v(3,11) 1.8864 1.1136 1623764 

(1,11)v(4,11) 1.1111 1.1111 1623764 

(1,11)v(5,11) 1.1111 1.1111 1623764 

 

31 

(1,11)v(2,11) 1.8631 1.1301 2623764 

(1,11)v(3,11) 1.8864 1.1136 2623764 

(1,11)v(4,11) 1.1111 1.1111 2623764 

(1,11)v(5,11) 1.1111 1.1111 2623764 

 

41 

(1,11)v(2,11) 1.8631 1.1301 3623764 

(1,11)v(3,11) 1.8864 1.1136 3623764 

(1,11)v(4,11) 1.1111 1.1111 3623764 

(1,11)v(5,11) 1.1111 1.1111 3623764 

 

51 

(1,11)v(2,11) 1.8631 1.1301 4623764 

(1,11)v(3,11) 1.8864 1.1136 4623764 

(1,11)v(4,11) 1.1111 1.1111 4623764 



(1,12)v(5,12) 122222 222222 4623764 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table ( 14-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 1-stage GTR(n=8) sample under  

various priors and various numbers of observations N , 

 where  N1=3 , N2=3    , (P1,P2)= (1.3,1.5)  



 

N Priors P(CS) P(NCS) E(R ) 

 

 

11 

(1,11)v(2,11) 1.9222 1.1009 624232 

(1,11)v(3,11) 1.8504 1.1426 624232 

(1,11)v(4,11) 1.8849 1.1152 624232 

(1,11)v(5,11) 1.1111 1.1111 624232 

 

 

21 

(1,11)v(2,11) 1.9222 1.1009 1624232 

(1,11)v(3,11) 1.8504 1.1426 1624232 

(1,11)v(4,11) 1.8849 1.1152 1624232 

(1,11)v(5,11) 1.1111 1.1111 1624232 

 

 

31 

(1,11)v(2,11) 1.9222 1.1009 2624232 

(1,11)v(3,11) 1.8504 1.1426 2624232 

(1,11)v(4,11) 1.8849 1.1152 26.4232 

(1,11)v(5,11) 1.1111 1.1111 2624232 

 

 

 

41 

(1,11)v(2,11) 1.9222 1.1009 3624232 

(1,11)v(3,11) 1.8504 1.1426 3624232 

(1,11)v(4,11) 1.8849 1.1152 3624232 

(1,11)v(5,11) 1.1111 1.1111 3624232 

 

 

 

51 

(1,11)v(2,11) 1.9222 1.1009 4624232 

(1,11)v(3,11) 1.8504 1.1426 4624232 

(1,11)v(4,11) 1.8849 1.1152 4624232 

(1,12)v(5,12) 122222 222222 4624232 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

Table ( 15-3) 

Values of   P(CS) , P(NCS) and E(R ) using 1-stage PWR sample under 

 various priors and various numbers of observations N , 

where  N1=3 , N2=3    , (P1,P2)= (1.3,1.5)  

 

N Priors P(CS) P(NCS) E(R ) 

 

 

11 

(1,11)v(2,11) 1.0164 1.2836 624374 

(1,11)v(3,11) 1.9624 1.1306 624374 

(1,11)v(4,11) 1.8526 1.14404 624374 

(1,11)v(5,11) 1.8932 1.1169 624374 

 

 

21 

(1,11)v(2,11) 1.0164 1.2836 1624374 

(1,11)v(3,11) 1.9624 1.1306 1624374 

(1,11)v(4,11) 1.8526 1.14404 1624374 

(1,11)v(5,11) 1.8932 1.1169 1624374 

 

 

31 

(1,11)v(2,11) 1.0164 1.2836 2624374 

(1,11)v(3,11) 1.9624 1.1306 2624374 

(1,11)v(4,11) 1.8526 1.14404 2624374 

(1,11)v(5,11) 1.8932 1.1169 2624374 

 

 

 

41 

(1,11)v(2,11) 1.0164 1.2836 3624374 

(1,11)v(3,11) 1.9624 1.1306 3624374 

(1,11)v(4,11) 1.8526 1.14404 3624374 

(1,11)v(5,11) 1.8932 1.1169 3624374 

 (1,11)v(2,11) 1.0164 1.2836 4624374 



 

 

51 

(1,11)v(3,11) 1.9624 1.1306 4624374 

(1,11)v(4,11) 1.8526 1.14404 4624374 

(1,12)v(5,12) 227332 222163 4624374 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table ( 16-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 1-stage FS size under  

various priors and various numbers of observations N , 



 where , N1=3 , N2=3    , (P1,P2)= (1.3,1.5)  

 

N Priors P(CS) P(NCS) E(R ) 

 

 

11 

(1,11)v(2,11) 1.8631 1.1301 623764 

(2,11)v(3,11) 1.8631 1.1301 623764 

(3,11)v(4,11) 1.8631 1.1301 623764 

(4,11)v(5,11) 1.8631 1.1301 623764 

 

 

21 

(1,11)v(2,11) 1.8631 1.1301 16.3764 

(2,11)v(3,11) 1.8631 1.1301 1623764 

(3,11)v(4,11) 1.8631 1.1301 1623764 

(4,11)v(5,11) 1.8631 1.1301 1623764 

 

 

31 

(1,11)v(2,11) 1.8631 1.1301 2623764 

(2,11)v(3,11) 1.8631 1.1301 2623764 

(3,11)v(4,11) 1.8631 1.1301 2623764 

(4,11)v(5,11) 1.8631 1.1301 2623764 

 

 

 

41 

(1,11)v(2,11) 1.8631 1.1301 3623764 

(2,11)v(3,11) 1.8631 1.1301 3623764 

(3,11)v(4,11) 1.8631 1.1301 3623764 

(4,11)v(5,11) 1.8631 1.1301 3623764 

 

 

 

51 

(1,11)v(2,11) 1.8631 1.1301 4623764 

(2,11)v(3,11) 1.8631 1.1301 4623764 

(3,11)v(4,11) 1.8631 1.1301 4623764 

(4,12)v(5,12) 227632 222392 4623764 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

Table ( 10-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 1-stage GTR(n=8) sample under  

various priors and various numbers of observations N , 

where  N1=3 , N2=3    , (P1,P2)= (1.3,1.5)  

 

N Priors P(CS) P(NCS) E(R ) 

 

 

11 

(1,11)v(2,11) 1.9222 1.1009 624232 

(2,11)v(3,11) 1.9222 1.1009 624232 

(3,11)v(4,11) 1.9222 1.1009 624232 

(4,11)v(5,11) 1.9222 1.1009 624232 

 

 

21 

(1,11)v(2,11) 1.9222 1.1009 1624232 

(2,11)v(3,11) 1.9222 1.1009 1624232 

(3,11)v(4,11) 1.9222 1.1009 1624232 

(4,11)v(5,11) 1.9222 1.1009 1624232 

 

 

31 

(1,11)v(2,11) 1.9222 1.1009 2624232 

(2,11)v(3,11) 1.9222 1.1009 2624232 

(3,11)v(4,11) 1.9222 1.1009 2624232 

(4,11)v(5,11) 1.9222 1.1009 2624232 

 

 

 

41 

(1,11)v(2,11) 1.9222 1.1009 3624232 

(2,11)v(3,11) 1.9222 1.1009 3624232 

(3,11)v(4,11) 1.9222 1.1009 3624232 

(4,11)v(5,11) 1.9222 1.1009 3624232 



 

 

 

51 

(1,11)v(2,11) 1.9222 1.1009 4624232 

(2,11)v(3,11) 1.9222 1.1009 4624232 

(3,11)v(4,11) 1.9222 1.1009 4624232 

(4,12)v(5,12) 223222 221993 4624232 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table (19-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 1-stage PWR sample under 



 various priors and various numbers of observations N , 

 where  N1=3 , N2=3    , (P1,P2)= (1.3,1.5)  

 

N Priors P(CS) P(NCS) E(R ) 

 

 

11 

(1,11)v(2,11) 1.0164 1.2836 624374 

(2,11)v(3,11) 1.0164 1.2836 624374 

(3,11)v(4,11) 1.0164 1.2836 624374 

(4,11)v(5,11) 1.0164 1.2836 624374 

 

 

21 

(1,11)v(2,11) 1.0164 1.2836 1624374 

(2,11)v(3,11) 1.0164 1.2836 1624374 

(3,11)v(4,11) 1.0164 1.2836 1624374 

(4,11)v(5,11) 1.0164 1.2836 1624374 

 

 

31 

(1,11)v(2,11) 1.0164 1.2836 2624374 

(2,11)v(3,11) 1.0164 1.2836 2624374 

(3,11)v(4,11) 1.0164 1.2836 2624374 

(4,11)v(5,11) 1.0164 1.2836 2624374 

 

 

 

41 

(1,11)v(2,11) 1.0164 1.2836 3624374 

(2,11)v(3,11) 1.0164 1.2836 3624374 

(3,11)v(4,11) 1.0164 1.2836 3624374 

(4,11)v(5,11) 1.0164 1.2836 3624374 

 

 

 

51 

(1,11)v(2,11) 1.0164 1.2836 4624374 

(2,11)v(3,11) 1.0164 1.2836 4624374 

(3,11)v(4,11) 1.0164 1.2836 4624374 

(4,12)v(5,12) 229264 222736 4624374 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

Table (18-3 ) 

Values of   P(CS) , P(NCS) and E(R ) using 1-stage GTR sample under   

various priors and various group size h ,where 

 N=51 ,N1=15 ,N2=15, (P1,P2)=(1.3,1.5) 

 

Group size  Priors P(CS) P(NCS) E(R ) 

 

2 

(1,11)v(2,11) 1.8282 1.1019 3222173 

(1,11)v(3,11) 1.8692 1.1319 3222173 

(1,11)v(4,11) 1.8991 1.1121 3222173 

(1,11)v(5,11) 1.8852 1.1149 3222173 

 

6 

 

 

(1,11)v(2,11) 1.8284 1.1016 3222132 

(1,11)v(3,11) 1.8699 1.1312 32.2132 

(1,11)v(4,11) 1.8994 1.1116 3222132 

(1,11)v(5,11) 1.8801 1.1131 3222132 

 

11 

 

(1,11)v(2,11) 1.8321 1.1691 3222193 

(1,11)v(3,11) 1.8681 1.1311 3222193 

(1,11)v(4,11) 1.8812 1.1199 3222193 

(1,11)v(5,11) 1.8802 1.1129 3222193 

 

31 

(1,11)v(2,11) 1.8586 1.1414 3222192 

(1,11)v(3,11) 1.8942 1.1159 3222192 



(1,11)v(4,11) 1.8852 1.1149 3222192 

(1,12)v(5,12) 227772 222212 3222192 

 

 

 

 

 

 

 

 

 

 

 

 

 

Chapter Four 

Conclusions and Future works 

 

2.8 Conclusions  

      In this thesis we propose and study two-stage procedures for dealing with 

binomial selection problem .  

8. The problem considered is that of determining an optimal procedure for 

deciding  how to allocate the observations in the second stage of the 



two-stage procedure   between two populations on the basis of the 

results in the first stage. The total number of observations in the 

experiment is predetermined but this number is divided between the 

two populations in a manner which tries to take advantage of knowledge 

gained during the experiment . The optimal procedure is to be optimal 

relative to a given prior distribution for the probabilities of success of 

the two populations .  

7.In constructing the procedure TSTAGE-D, we attempt to apply Bayesian 

        statistical decision theory which leads to a quite different approach to the  

        selection   problem as the concepts of loss of taking a certain decision 

when  

         particular values    of the parameters of interest are true and some prior  

         information about the  parameters the underlying distributions are 

involved .  

         We find that the new   procedure produced very reasonable results as the  

        overall Bayes risk by this   procedure was found to be less than that for 

overall  

        Bayes risk by Bayesian one- stage selection procedure .  

1. Bayesian two-stage procedure decision theoretic approach needs to use 

computer 

        with high speed and large capacity to do the calculations .  

2. The procedures 8st-FS , 8st-PWR and 8st-GT are easy and simple to use 

        for large sampling sizes .  



 

 

 

2.7 Future Works  

      There are several directions in which further works can be done , some of 

which are listed below .  

8. The Bayesian two-stage procedure for selecting the better of two 

binomial populations can be extended to multistage case using Bayes 

risks .  

7. The probability of correct selection measure ( characteristic ) can be 

found and used to assess the performance of the procedure TSTAG-D . 

1. The problem can also be generalized to 2k   populations with dropping 

inferior populations using certain rule .  

2. This approach can be tried to other distributions .  

3. General loss function may be used instead of the special cases constant 

and linear losses .  
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