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Overviewoftoday’sexercise

·ProgrammingrulesinGAUSS

·Drawingrandomvariables

·SimulationofanAR(1)process
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ProgrammingrulesinGAUSS

·ALWAYSstartsimple!!!Startwiththesimplecalculations!Nextenrich

yourprogramstepbystep!

·StartinaprocedureALWAYSfromtheinsideandthengooutside!

·CHECKfrequentlytheresultsofyourprogramming!(checktheminthe

outputwindow.)

·ALWAYSstartwithsmalln!
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ProgrammingrulesinGAUSS2

·Commentyourprogram!!!

·Useusefulandsensiblenamesforyourvariablesandprograms!

·Createyourownprogramcollection!
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Overviewoftoday’sexercise

·ProgrammingrulesinGAUSS

·Writingthelog-likelihoodfunctionAR(1)MA(1)-Theory

·UsingCMLinGAUSS

·EstimatingtheparametersofaMA(1)process

·EstimatingtheparametersofaAR(1)process
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LikelihoodfunctionAR(1)for1stand2ndobservation

Yt=c+φYt−1+εt

εt=iidN(0,σ
2
)

densityoffirstobservation

Y1∼N(c/(1−φ),σ
2
/(1−φ

2
))

fY1(y1;c,φ,σ
2
)=

1
√

2π
√

σ
2
/(1−φ

2
)
exp
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−{y1−[c/(1−φ)]}
2

2σ
2
/(1−φ

2
)

]
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densityofsecondobservation

Y2=c+φY1+ε2

(Y2|Y1=y1)∼N((c+φy1),σ
2
)

fY2|Y1(y2|y1;θ)=
1

√
2πσ

2
exp

[

−(y2−c−φy1)
2

2σ
2

]

ε2=y2−c−φy1

fY2|Y1(y2|y1;θ)=
1

√
2πσ

2
exp

[

−(ε2)
2

2σ
2

]

jointdensityoffirstandsecondobservation

fY2,Y1(y2,y1;θ)=fY1(y1;θ)·fY2|Y1(y2|y1;θ)
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WritingthejointlikelihoodfunctionAR(1)

fYT,YT−1,...,Y1(yT,yT−1,...,y1;θ)=fY1(y1;θ)·
T∏

t=2

fYt|Yt−1(yt|yt−1;θ)

fYt|Yt−1(yt|yt−1;θ)=
1

√
2πσ

2
exp

[

−(yt−c−φyt−1)
2

2σ
2

]

fYt|Yt−1(yt|yt−1;θ)=
1

√
2πσ

2
exp

[

−(εt)
2

2σ
2

]

Takinglogsyields

L(θ)=logfY1(y1;θ)+

T∑

t=2

logfYt|Yt−1(yt|yt−1;θ)
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Writingthelog-likelihoodfunctionAR(1)

L(θ)=logfY1(y1;θ)→deterministic

+logfY2|Y1(y2|y1;θ)→log

(

(
1

√
2πσ

2
exp

[

−(ε2)
2

2σ
2

])

...

+logfYT|YT−1(yT|yT−1;θ)→log

(

1
√

2πσ
2
exp

[

−(εT)
2

2σ
2

])
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ATSWT07/08

MA(1)Process

Yt=µ+θεt−1+εt

εt=iidN(0,σ
2
)
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WritingthelikelihoodfunctionMA(1)

Yt|εt−1∼N((µ+θεt−1),σ
2
)

fYt|εt−1(yt|εt−1;θ)=
1

√
2πσ

2
exp

[

−(yt−µ−θεt−1)
2

2σ
2

]

εt=yt−µ−θεt−1

fYt|εt−1(yt|εt−1;θ)=
1

√
2πσ

2
exp

[

−(εt)
2

2σ
2

]
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LoglikelihoodfunctionMA(1)

L(θ)=

logfYT,YT−1,....Y1|ε0=0(yT,yT−1,...,y1|ε0=0;θ)=

−Tlog(
√

2πσ
2
)−

T∑

t=1

ε
2

t

2σ
2
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Howtogetεt?-Recursion

ε1=y1−µwithε0=0

ε2=y2−µ−θε1

...

εT=yT−µ−θεT−1
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Writingtheconditionallog-likelihoodfunctionMA(1)

L(θ)=fY1|ε0=0(·;θ)→log

(

(
1

√
2πσ

2
exp

[

−(ε1)
2

2σ
2

])

+logfY2|Y1,ε0=0(·;θ)→log

(

(
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√
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2
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2
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...

+logfYT|YT−1,...,Y1,ε0=0(·;θ)→log

(

1
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2
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CMLprocedure

·Numericaloptimizationofafunctionusinganalgorithm

·Input:functiontobeminimizedandstartingvaluesforparameters,and

data

·Output:vectorofparametersandfunctionvalueatminimum
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CMLprocedure-CALL

{x,f,g,cov,retcode}=CML(dataset,vars,&fct,start)

INPUT

dataset-nameofdatamatrixstoredinmemory

vars-charactervectoroflabelsselectedforanalysis

takevars=0;

fct-thenameofaprocedurethatreturnsthelog-likelihood,

e.g.&malikeliproc

start-aKx1vectorofstartvalues
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CMLprocedure-CALL

{x,f,g,cov,retcode}=CML(dataset,vars,&fct,start)

OUTPUT

x-Kx1vector,estimatedparameters

f-scalar,functionatminimum(meanlog-likelihood)

g-Kx1vector,gradientevaluatedatx

cov-KxKmatrix,covariancematrixoftheparameters

retcode-scalar,returncode
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CMLprocedure-GLOBALS

Example:

_cml_Algorithm=1;

_cml_LineSearch=1;

_cml_DirTol=1e-5;

_cml_CovPar_=1;
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CMLGlobalvariablesI

CMLglobal:_cml_DirTol=0.000000001;

_cml_DirTol=scalarisaconvergencetoleranceforgradientofestimated

coefficients.

Default=1e-5.

WhenthiscriterionhasbeensatisfiedCMLwillexittheiterations.

Important!!

Someapplicationsdemandasmallvalueinordertopreventconvergenceon

alocalminimum!!!!!(localvs.globaloptima)
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CMLGlobalvariablesII

CMLglobal:_cml_Algorithm=scalarindicatorforoptimizationmethod

_cml_Algorithm

=1,BFGS(Broyden,Fletcher,Goldfarb,Shanno)

=2,DFP(Davidon,Fletcher,Powell)

=3,NEWTON(Newton-Raphson)

=4,BHHH
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CMLGlobalvariablesIII

_cml_LineSearch;

=1One

=2,STEPBT(default)

=3,HALF(step-halving)

=4,BRENT

=5,BHHHSTEP
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Reminder:P-value

TwoSidedTest:Example
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Reminder:P-value

se=sqrt(diag(cov));

t_test=thx./se;

p_val=2*cdftc(t_test,rows(y)-rows(thx));

General:

One-sidedp_val=cdftc(teststat,degreesoffreedom)

Two-sidedp_val=2*cdftc(teststat,degreesoffreedom)
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Reminder:IncludingSourceFiles

Torenderyourprogramslessconfusingprocedurescanbewritteninto

sourcefiles.

Thesourcefileisthenincludedintotheprogramusing:

#includemysourcefile.src;

Asourcefileconsistsonlyofprocedurecode,nohardcodeshouldbe

writtenintoasourcefile;
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TestingforStationarity

Dickey-FullerUnitRootTest

yt=ρyt−1+εt

·StationarityTest

·Nullhypothesis:unitroot(nonstationarity),i.e.thatρ=1
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SimulationofDickey-FullerTestStatistic

·Non-standardasymptoticdistributionofUnitRootprocesses

·Inferencerequiressimulationofasymptoticdistribution

·Asymptoticdistributiondependsonspecificationofthetrueprocess

(constant,timetrend)
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ATSWT07/08

Case1

1.SimulateaRandomWalk

TrueProcess:yt=φyt−1+εt

2.ConductanOLSregression

EstimatedProcess:yt=ρyt−1+εt,

calculatethet-statisticforthenullhypothesisthatthetruevalueofρ

equals1
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3.Simulatetheteststatistic

RunStep2n=10000timesandsortthet-valuesintoquantiles
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EstimationofaGARCH(1,1)

Stylizedfactsoffinancialreturndata

Asimplemodeltoaccountforthesestylizedfacts

meanequation:(ytisalogreturntimeseries)

yt=c+εt

εt=yt−c

varianceequation

ht=ω+αε
2

t−1+βht−1
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WritingtheconditionallikelihoodfunctionGARCH(1,1)

f(yt|yt−1,....y0;θ)=
1

√
2πht

exp

[

−(yt−c)
2

2ht

]

Conditionalloglikelihoodfunction:

L(θ)=

T∑

t=1

logf(yt|yt−1,....y0;θ)

=−
1

2
log(2π)−

1

2

T∑

t=1

log(ht)−
1

2

T∑

t=1

(yt−c)
2

ht
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