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Abstrak

Model Pergerakan Pecahan Geometrik Brownian (GFBM) digunakan dengan meluas
dalam persekitaran kewangan. Model ini mengandungi parameter penting iaitu min,
ruapan, dan indeks Hurst, yang bererti kepada kebanyakan masalah dalam bidang
kewangan terutamanya bagi menentukan harga opsyen, nilai pada risiko, kadar
tukaran, dan insuran cagaran. Kebanyakan penyelidikan terkini mengkaji GFBM
dengan mengandaikan ruapannya adalah malar disebabkan keringkasannya. Walau
bagaimanapun, anggapan ini selalunya disangkal dalam kebanyakan kajian
empirikal. Oleh itu, kajian ini membangunkan model GFBM baharu yang mampu
menerangkan dan menggambarkan situasi sebenar dengan lebih baik terutamanya
dalam senario kewangan. Kesemua parameter yang terlibat dalam model yang
dibangunkan dianggar menggunakan algoritma inovasi. Kajian simulasi seterusnya
dilakukan untuk menentukan prestasi model baharu. Hasil simulasi mendedahkan
bahawa penganggar yang disyorkan adalah cekap berdasarkan kepada kepincangan,
varians, dan min kuasa dua ralat. Seterusnya, dua teorem berkaitan kewujudan dan
keunikan penyelesaian bagi model baharu dan pengitlakannya dibina. Pengesahan
bagi model yang dibangunkan kemudiannya dilakukan dengan membandingkannya
dengan beberapa model lain bagi meramal harga terlaras Standard and Poor’s 500,
Shanghai Stock Exchange Composite Index, dan FTSE Kuala Lumpur Composite
Index. Kajian empirikal terhadap empat aplikasi kewangan terpilih, iaitu penentuan
harga opsyen, nilai risiko, kadar pertukaran, dan insuran gadai janji, menunjukkan
bahawa model baharu mempamerkan keputusan yang lebih baik berbanding model
sedia ada. Justeru itu, model baharu amat berpotensi untuk dijadikan model pendasar
bagi sebarang aplikasi kewangan yang berupaya mencerminkan keadaan sebenar
dengan lebih tepat.

Kata kunci: Pergerakan Pecahan Geometrik Brownian, ruapan stokastik, memori
panjang, senario kewangan.



Abstract

Geometric Fractional Brownian Motion (GFBM) model is widely used in financial
environments. This model consists of important parameters i.e. mean, volatility, and
Hurst index, which are significant to many problems in finance particularly option
pricing, value at risk, exchange rate, and mortgage insurance. Most current works
investigated GFBM under the assumption of its volatility that is constant due to its
simplicity. However, such assumption is normally rejected in most empirical studies.
Therefore, this research develops a new GFBM model that can better describe and
reflect real life situations particularly in financial scenario. All parameters involved
in the developed model are estimated by using innovation algorithm. A simulation
study is then conducted to determine the performance of the new model. The results
of simulation reveal that the proposed estimators are efficient based on the bias,
variance, and mean square error. Subsequently, two theorems on existence and
uniqueness of the solution for the new model and its generalisation are constructed.
The validation of the developed model was then carried out by comparing with other
models in forecasting adjusted prices of Standard and Poor 500, Shanghai Stock
Exchange Composite Index, and FTSE Kuala Lumpur Composite Index. Empirical
studies on four selected financial applications, i.e. option pricing, value at risk,
exchange rate, and mortgage insurance, indicate that the new model performs better
than the existing ones. Hence, the new model has strong potential to be employed as
an underlying model for any financial applications that capable of reflecting the real
situation more accurately.

Keywords: Geometric Fractional Brownian Motion, stochastic volatility, long
memory, financial scenario.
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CHAPTER ONE
INTRODUCTION

1.1 Research Background

Volatility has been actively discussed in time series econometrics and economic
forecasting in recent years. Volatility explains the variations witnessed in some
phenomena over time. In economics, it is used to describe variability of random
component of a time series. In financial economics, volatility is defined as the
standard deviation of a random Wiener driven component in a continuous time

diffusion model.

In the last decades, two main classes of volatility models have been developed: the
generalized autoregressive conditional Heteroscedasticity (GARCH) and the
stochastic volatility (SV) model. These classes were developed in order to capture
time—varying autocorrelation, i.e. the correlation between values of the process at

different points in time.

To begin, in 1982 Engle introduced autoregressive conditional heteroscedasticity
(ARCH) model to estimate conditional variance of the sequence of increasing price
of the United Kingdom’s financial environment. This model was developed by prior
assumption that the variance of random errors was related to the previous random,
with inclusion of the conditional variance and mean in equation. Four years later, the
extension of ARCH was proposed by Bollerslev (1986), known as generalized
autoregressive conditional heteroscedasticity (GARCH) model. This model adds the

memory of past variances to the model which is useful in modeling and forecasting

1
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Appendix A
Flowchart for Parameters Estimation
START

4

Initial parameter:

At =.2; m=2;
Yk =0; u=1;
H, =.8; L=3;
H, =.7; €e=0.1;
a=2.5; u=0;
p =1.5; LL =1;

€

Begin loop 1 (Iteration LL)

>

!

Estimate H, &H, to get H, &H,

!

Simulate two vectors of fgn depending on
H, &H,

v

Begin loop 2 (size L) (

Define generation functions

L
T = > (1= a 80 (@At + Biiis1-)

=0

Xie = 14 pubt + Yy Sk
Define same functions with unknown parameters

L
Py = 2(1 — a1 A (@Im1AE + By i)

=0

X1 = 1+ plAt + Vieyg Eian

!
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A

!

Compute the following covariance function:

1
Ye(m) = 5(I(n + DAL + |(n — D)AL|*

— 2|nAt|?H1)

Yo () = (I(n + DAL + |(n — 1DAL[2H2 — 2|nAt|?H2)

L

L
ye() = B2 ) ) (1= a b))ty (n+ i)

i=0 j=0

|
Construct the following matrices:
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A

Construct the following matrices

1 0
A= _¢11 1
—br-11 —br-1)2
L
| =
KK = 0
| 0
Compute:

det(zy) = ﬁE(ei)z = [

Find the value of:

9:0) = —E(X — )’ = —yz(n);

. 2 .
92(6) = —v? = ~(3_ (1 - add)(amA)} AR — T (1 — aht)? F2ALH2THD;
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End loop 2 ( size
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Compute Likelihood function where 6 = {a1, 81, u1, m1}

L) =

1 1. , )
2m)T2 (det(z,)) 72 exp{_E (% M)'571(%

Then minimize the unconstraint optimization problem

L(O) = ~L©®)- 7 ) G;<(6)
j=1

!

Calculate cumulative sum of each estimator for example:
suma = sumaa + al;
sumaa = sumaq;

!

End loop 1 (Iteration)

|

Calculate the average of each estimator

!

END
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Appendix B

Standard Simulation for Parameters Estimation

NN=10;

sumohut1=0;

summhut1=0;

sumPhut1=0;

sumpthut1=0;

H11=0.8;

H22=0.7;

For[r=1,r<=RR,r++,

“Simulate a fractional Brownian motion process—1* one *;
datal=RandomFunction[FractionalBrownianMotionProcess[H1],{0,1,0.001}];
“finds the parameter estimates for the fom process(H1) from datal”;
EH1=FindProcessParameters[datal,FractionalBrownianMotionProcess[h]];
H11=EH1[[1,2]];

“Simulate a fractional Brownian motion process—2" one ;
data2=RandomFunction[FractionalBrownianMotionProcess[H2],{0,1,0.001}];
finds the parameter estimates for the fom process(H2) from data2”;
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EH2=FindProcessParameters[data2,FractionalBrownianMotionProcess[h]];
H22=EH2[[1,2]];

“simulate fgn”;

SimulateFGN[H_,n_]:=Module[{V,ac}, V" =2"Ceiling[Log[2,n—1]];
ac=Table[FGNAcf[k,H],{k,0, V }];
Take[SimulateGLP[ac],n]];SimulateGLP[y_]:=Module[ {m=Length[y],n,c,g,Z,
Ncap},n=2"Ceiling[Log[2,m-1]];acvf=If[n==m—
1,y,PadRight[y,n+1]];Ncap=2*n;

c=Join[acvf,Rest[Reverse[Rest[acVf]]]];
g=Re[Fourier[c,FourierParameters—>{1,-1}]];
Z=RandomVariate[NormalDistribution[0,1],Ncap-2];
Z=(Complex[Sequence@ @#1]&)/@Partition[Z,2];
Z=Flatten[{RandomVariate[NormalDistribution[0,Sqrt[2]]],Z,RandomVariate
[NormalDistribution[0,Sqrt[2]]],Reverse[Conjugate[Z]]}];
Take[Re[InverseFourier[Sqrt[g]*Z,FourierParameters—>{0,—1}]],m}/Sqrt[2]];
FGNACcf[k_,H_]:=Module[{},0.5*(Abs[k+1.0]*(2.0*H)—
2*Abs[k]*(2.0*H)+Abs[k-1.0]"(2.0*H))];

“fgn at H=.65 and n=20";

SmH111=SimulateFGN[H11,RR+1];

“fgn at H=.9 and n=20";

SmH222=SimulateFGN[H22,RR+1];

n=2;

While[n<=NN,
Clear[al,m1,81,ul];
sumoo=0;
sumpPp=0;
sumpp=0;
summm=0;

Yk11[n_]:= ¥2¢((1 — a1 At)!(al m1 At + B1 SmH2[[Abs[i + 1]]);
Xk1[n_]:=1+pl At+SmH]1[[n]]*
Y20((1 — a1l At)(al m1 At + B1 SmH2[[Abs[i + 1]]) ;

YK[n_]:= ¥2(1 — a At)'(amAt + B SmH2[[Abs[i + 1]]);
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Xk[n_]:=1+p At+Yk[n]*SmHI1[[n]];
mu[n_]:=Mean[Table[Xk1[i],{i,1,n}]];
X[n_]:=Table[XKk1[i],{i,1,n}]; XX[n_]:=Table[Xk[i],{i,1,n—
1}~Join~{XKk1[n]};

vé[n 1:=1/2 (Abs[(n—1) At]* ™ +Abs[(n+1) At]* ™2 Abs[n At]?™);
yn[n_1:=1/2 (Abs[(n—1) At]* "#+Abs[(n+1) At]* %2 Abs[n At]*"%);
yX[n_]:=Yk[n] y€[n];

YY[n_1:= B2 Yo Yo (1 - AD™ yn[n + 1 —jJ;

I'nl[n_]:=Table[yX[i—],{i,1,n-1},{j,1,n—1}];"Tn-1";
ynl[n_]:=Table[yX[n—i],{i,1,n~1}{j,1,1}];"yn-1";
yInl[n_]:=Transpose[ynl[n]];’yn—1 transpose’;
yX0=yX[0];"yX(0)”;
['[n_]:=ArrayFlatten[ { {I'n1[n],yn1[n]},{yTnl[n],yX0}}];
invl'[n_]:=Inverse[I'[n]];
v[n_]:=Table[{yX[i]},{1,1,n}] ;”yT in 3.27”;
VT2[n_]:=Abs[yX[0]-Transpose[y[n]].invI'[n].y[n]];”3.27";
VT22[n_]:=ToExpression[StringReplace[ToString[VT2[n]].{{"—>"","}"—
>l
invI[1]=1/yXO0;
For[i=1,i<=n,i++,
O[i_]:=invI{il.y[il;
¢o1[i_]:=Flatten[o[i]];
For[j=1,j<=n,j++,
Iffi==j,a[i,j]=1];
If[i<j.a[i,j]=0l;
Iffi>j,ali,j]=— ¢1[i-1][[]]]

I;
a[1,1]=1,
a[2,1]=—yX[1]/yXO0;

I;
A=Table[a[i,j],{i,1,n},{j,1,n}];
For[i=2,i<=n,i++,
For[j=2,j<=n,j++,
VT1=Abs[yX0—yX[1]* 1/yX0 *yX[1]];
d[1,1]=(1/VT1);
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If[i==j,d[i,j]=1/VT22[i]];
Iffi<j,d[i,j]=0];
If[i>),d[i,j]=0];

]

I
KK=Table[If[i==1,d[i,j]=0,d[i,j]].{i,1.n},
{.1,n}];
KK=Table[If[j==1,d[i,j]=0,d[i,j]].{i,1.n},
{i.1.,n}];

d[1,1]=Abs[1/VT1];

KK=Table[d[i,j],{i,1,n},{j,1,n}];
segmainv[n_]:=SetPrecision[ Transpose[A]. KK.A ,5];
“segma[n_]:=PaddedForm[SetPrecision[Inverse[segmainv[n]],5],{5,5}]";
DetKKK[n_]:=VT1 *TIL, VT2[i];

“define penalty function “;

91[n_J:=—yX[n];

g2[n_]:i= - Z:;lu - aAt)i(amAt)}Z A2H11 21;1(1 -
aAt)ZiBZAtZ(H22+H11);
G1[n_]:=Piecewise[{{g1l[n],g1[n]>€}.{(g1l[n]-€)"2/(4 €),—
€<gl[n]<e}{0,91[n]<-€}}];”3.36 w.r.t g1”;
G2[n_]:=Piecewise[{{g2[n],92[n]>€}.{(92[n]-€)"2/(4 €),—
€<g2[n]<e},{0,02[n]<— €}}];”3.36w.r.t g2”;

n++];

“lhood[NN_]:=Log[PDF[MultinormalDistribution[Flatten[ Table[mul[i],{i,1,N

N}11.segma[NN]], X[NNJ]]”;

Ihood1[NN_]:=Log[Exp[-0.5* Transpose[Table[Xk1[i]-
muli],{i,1,NN}],{1}].segmainv[NN].Table[Xk1][i]-
muli],{i,1,NN}]]/ToExpression[StringReplace[ ToString[ (2 Pi) 2
mm [m] % ]’{9’ 9’_>’”)’9’}9’_>’”)}]]];

op=NMinimize[- lhood1[NN]-</4 ¥ NN G1[i] —</4 ¥ NN G2[i]
,{al,m1,B1,ul},WorkingPrecision—>15,Method—>""Differential Evolution™];
dd=op;
answer=op[[1]];

optimall,=,+;=answer;
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var=dd[[2]];’the answer”;

ao=var[[1]];
aoo=aaf[2]];
SUMO=sumoLo-+oooL;
SuUmMoO=sumao.;

mm=var[[2]];
mmm=mm{[[2]];
summ=summm-+mmm;
summm=summ;

pp=var[[3]];
BRR=PRLL21];
sump=sumpPp-+pE;

sumPp=sum§f;

ppO=var[[4]];
ppp=ppOf[2]];
SUMU=SUMLLTLLLL,
SUMpU=sumipt;

“Print[dd];”;

sepvar=Table[var[[i,2]].{i,1,4}];

{ al,m1,B1,ul }=sepvar;
Clear[ al,m1,B1,ul];
Table[optimall;,{i,1,RR}];
Hlhut=H11,
H1hutt,-;.;=H1hut;
H2hut=H22;
H2hutt,—,;=H2hut;
ohut=sumaa/RR;
ahutt,-y+;=chut;
mhut=summm/RR;
mhutt.—..;=mhut;
Bhut=sumpBp/RR;
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Bhutte=e+1=Phut;

phut=sumpp/RR;

phutte¢=phut;

Print[H1hut];

Print[H2hut];

Print[athut];

Print[mhut];

Print[ Bhut];

Print[phut];
Print[’>>>>>>>>>>>>>>>>>>>>>>>>>>>");

I;
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Appendix C

Simulation with Segmentation for Parameters Estimation

At=.2;
H1=.8;
H2=.7;
0=2.5;
m=2;

B=1.5;

0
0
c=0;
e=0;
=0;

RR=100;

JJ=10;

NN=10;

sumohut1=0;

summhut1=0;

sumPhut1=0;

sumpthut1=0;

H11=0.8;

H22=0.7;

For[r=1,r<=RR,r++,

“Simulate a fractional Brownian motion process —1* one *;
datal=RandomFunction[FractionalBrownianMotionProcess[H1],{0,1,0.001}];
“finds the parameter estimates for the fom process(H1) from datal”;
EH1=FindProcessParameters[datal,FractionalBrownianMotionProcess[h]];
H11=EH1[[1,2]];

“Simulate a fractional Brownian motion process—2" one
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data2=RandomFunction[FractionalBrownianMotionProcess[H2],{0,1,0.001}];
”finds the parameter estimates for the fom process(H2) from data2”;
EH2=FindProcessParameters[data2,FractionalBrownianMotionProcess[h]];
H22=EH2[[1,2]];

“simulate fgn”;

SimulateFGN[H_,n_]:=Module[{V,ac}, V" =2"Ceiling[Log[2,n—1]];
ac=Table[FGNAcf[k,H],{k,0, V }];
Take[SimulateGLP[ac],n]];SimulateGLP[y ]:=Module[ {m=Length[y],n,c,g,Z,
Ncap},n=2"Ceiling[Log[2,m-1]];acvf=If[n==m—
1,y,PadRight[y,n+1]];Ncap=2*n;

c=Join[acvf,Rest[Reverse[Rest[acVf]]]];
g=Re[Fourier[c,FourierParameters—>{1,-1}]];
Z=RandomVariate[NormalDistribution[0,1],Ncap-2];
Z=(Complex[Sequence@ @#1]&)/@Partition[Z,2];
Z=Flatten[{RandomVariate[NormalDistribution[0,Sqrt[2]]],Z,RandomVariate
[NormalDistribution[0,Sqrt[2]]],Reverse[Conjugate[Z]]}];
Take[Re[InverseFourier[Sqrt[g]*Z,FourierParameters—>{0,—1}]],m]/Sqrt[2]];
FGNACcf[k_,H_]:=Module[{},0.5*(Abs[k+1.0]*(2.0*H)—
2*Abs[Kk]*(2.0*H)+Abs[k-1.0]*(2.0*H))];

“fgn at H=.65 and n=20";

SmH111=SimulateFGN[H11,110];

“fgn at H=.9 and n=207,

SmH222=SimulateFGN[H22,110];

Do[

sumoo=0;

sumpBp=0;

sumpp=0;

summm=0;

wlj_]:=j+100-1);

SmH11[j_]:=Table[SmH111[[i]],{i,w[j],.w[j]+10}];
SmH22[j_]:=Table[SmH222[[i]].{i,w[j],.w[j]+10}];

SmH1=SmH11[j];

SMmH2=SmH22[j];

n=2;
While[n<=NN,
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Clear[al,ml1,B1,ul];

Yk11[n_]:= ¥24((1 — a1 At)' (a1l m1 At + B1 SmH2[[Abs[i + 1]]);
Xk1[n_]:=1+ul At+SmH1[[n]]*

¥20((1 — a1 At) (a1l m1 At + B1 SmH2[[Abs[i + 1]]) ;
Yk[n_]:=¥20(1 — a At)!(amAt + B SmH2[[Abs][i + 1]]);
Xk[n_]:=1+p At+Yk[n]*SmHI1[[n]];
mu[n_]:=Mean[Table[Xk1[i],{i,1,n}]];
X[n_]:=Table[Xk1[i].{i,1,n}]; XX[n_]:=Table[Xk[i],{i,1,n—
1}]~Join~{Xk1[n]};

vE[n_]:=1/2 (Abs[(n—1) At]* " +Abs[(n+1) At]* "2 Abs[n At]* ™)
yn[n_]:=1/2 (Abs[(n—1) At]* "+Abs[(n+1) At]* "?2-2 Abs[n At]*"?);
yX[n_]:=Yk[n]* y&[n];

YY[n 1= B2 X020 (1 —aAD™ yn[n+1—j];

I'nl[n_]:=Table[yX[i—j],{i,1,n-1}.{j,1,n-1}];"T'n-1";
ynl[n_J]:=Table[yX[n—i],{i,1,n-1}{j,1,1}];"yn-1";
yTnl[n_]:=Transpose[ynl[n]];”yn—1 transpose”;
yX0=yX[0];"yX(0)”;
I'[n_]:=ArrayFlatten[ { {In1[n],yn1[n]},{yTnl[n],yXO0}}];
invl[n_]:=Inverse[['[n]];
v[n_]:=Table[{yX][i]},{1,1,n}] ;”yT in 3.27”;
VT2[n_]:=Abs[yX[0]-Transpose[y[n]].inv [n].y[n]];”3.27";
VT22[n_]:=ToExpression[StringReplace[ ToString[VT2[n]].{"{"—>"","}"-
> ]
invl'[1]=1/yXO0;
For[i=1,i<=n,i++,
Oli_J=invI[il4[il;
o1[i_]:=Flatten[¢[i]];
For[j=1,j<=n,j++,
If[i==j.a[i,j]=1];
Iffi<j.a[i,j]=0l;
If[i>),a[i,j]=— ¢1[iI-1][[]]]

I;
a[1,1]=1;
a[2,1]=—yX[1]/yX0;
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I;
A=Table[a[i,j],{i,1,n},{j,1,n}];
For[i=2,i<=n,i++,
For[j=2,j<=n,j++,
VT1=Abs[yX0—yX[1]* 1/yX0 *yX[1]];
d[1,1]=(1/VTL);
If[i==j,d[i,j]=1/VT22[i]];
If[i<j,d[i,j]=0I;
If[i>],d[i,j]=0];

]

I
KK=Table[If[i==1,d[i,j]=0,d[i,j]].{i,1.n},
{.1,n}];
KK=Table[If[j==1,d[i,j]=0,d[i,jI].{i,1,n},
{.1.n};

d[1,1]=Abs[1/VT1];

KK=Table[d[i,j],{i,1,n}.{j,1,n}];

segmainv[n_]:=SetPrecision[ Transpose[A].KK.A ,5];
“segma[n_]:=PaddedForm[SetPrecision[Inverse[segmainv[n]],5],{5,5}]”;
DetKKK[n_]:=VT1 *[[L, VT2[i];

“define penalty function “;

91[n_]:=—XI[n];

g2[n J=-3.  (1- «AD)i(amAt)) AtZHIL R
aAt)ZiBZAtZ(H22+H11);
G1[n_]:=Piecewise[{{g1[n],gl[n]>€},{(91[n]-€)"2/(4 €),—
e<gl[n]<e}{0,91[n]<—€}}];”3.36 w.r.t g1”;
G2[n_]:=Piecewise[{{g2[n],02[n]>€}.{(92[n]-€)"2/(4 €),—
€<g2[n]<e},{0,92[n]<— €}}];73.36w.r.t g2”;

N++];
“lhood[NN_]:=Log[PDF[MultinormalDistribution[Flatten[ Table[mu[i],{i,1,N
N}11.segma[NN]], X[NN]]]”;

Ihood1[NN_]:=Log[EXxp[-0.5* Transpose[Table[Xk1[i]—
mu[i],{i,1,NN}],{1}].segmainv[NN].Table[ Xk1[i]-
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mu[i],{i,1,NN}]]/ToExpression[StringReplace[ToString[ (2 Pi) 2
pettacc (11 2] (">} ]}

op=NMinimize[- Ihood1[NN]-¢/4 ¥¥¥ G1[i] —e/4 Y% G2[i]
,<{al,ml1,B1,ul}, WorkingPrecision—>15,Method—>"Differential Evolution™];
dd=op;

answer=op[[1]];

optimall,=,+;=answer;

var=dd[[2]]; the answer”’;

ao=var[[1]];
aco=aa[[2]];
SUMO=sumoLo-+o.oo.;
sumoo=sumao.;

mm=var[[2]];
mmm=mm{[[2]];
summ=summm-+mmm;
summms=summ;

pp=var[[3]];
BBR=PRIL21];
sumpB=sumpPp+pp;

sumBp=sump;

ppo0=var([[4]];
ppp=ppO[[2]];
SUMU=SUMpUHHUW;
sumpp=sump;

“Print[dd];”;
sepvar=Table[var[[i,2]].{i,1,4}];
{ al,ml1,B1,ul }=sepvar;

Clear[ al,ml1,81,ul];

{933
Table[optimall;,{i,1,JJ}];
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H1lhut=H11;
H1hutt-.,=H1hut;
H2hut=H22;
H2hutt-,,=H2hut;
ohut=sumoaa/JJ;
ahutt,-,+1;=chut;
mhut=summm/JJ;
mhutt.—..;=mhut;
Bhut=sumfp/1J;
Bhutte=e.1=Phut;
phut=sumpp/JJ;
phutte¢ =phut;
Print[H1hut];
Print[H2hut];
Print[athut];
Print[mhut];
Print[Bhut];
Print[phut];
Print[">>>>>>>>>>>555555555555555>"];

I;
Hlest=Table [H1lhutt;{i,1,RR}];
H2est=Table [H2hutt;,{i,1,RR}];
aest=Table[ahutt;,{i,1,RR}];
mest=Table[mhutt;,{i,1,RR}];
Best=Table[Bhutt;,{i,1,RR}];
uest=Table[phutt;,{i,1,RR}];
H1lhutav=Mean[H1est];
H2hutav=Mean[H2est];
ahutav=Mean[ aest];
mhutav=Mean[mest];
Bhutav=Mean|[est];
phutav=Mean][ pest];
“avar=Variance[aest];
mvar=Variance[mest];
Bvar=Variance[Pest];
uvar=Variance[pest]”;
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Print[”’H1hut-average = “,H1lhutav];
Print[”’H2hut-average = “,H2hutav];

Print[”ahut-average = “,ahutav];

Print[”’mhut-average = “,mhutav];

Print[”Bhut—average = “,fhutav];

Print[”uhut-average = “,uhutav];

Print[”’H1-variance = “,Variance[H1est]];
Print[”’H2-variance = “,Variance[H2est]];
Print[”o—Vvariance = “,Variance[oest]];

Print[”’m-variance = “,Variance[mest]];

Print[”p—variance = “,Variance[fest]];

Print[’u—variance = “,Variance[pest]];

Print[”’H1-bias = “,Abs[H1-H1hutav]];

Print[”’H2-bias = “,Abs[H2—H1hutav]];

Print[”o—bias = “,Abs[o—ahutav]];

Print[”m-bias = “,Abs[m-mhutav]];

Print[’B—bias = “,Abs[—Bhutav]];

Print[’u—bias = “,Abs[p—phutav]];

Print["H1-MSE = “,Variance[H1est]+(Abs[H1-H1hutav])"2];
Print[’H2—-MSE = “,Variance[H2est]+(Abs[H2—H2hutav])"2];
Print[’o—MSE = “,Variance[ aest]+(Abs[o—ahutav])"2];
Print[’m-MSE = “,Variance[mest]+(Abs[m-mhutav])"2];
Print[”’B—MSE = “,Variance[ Best]+(Abs[—phutav])"2];
Print[’u—MSE = “ Variance[ pest]+(Abs[p—phutav])2];
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