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Testsbasedon lik elihood ratios

Therearethreegeneralapproacheso testing
hypothesegoncerninghestednodels:

Likelihoodratio test— compardog-likelihoodat null
modelwith its (maximized)valueunderthealternatve

Wald test— compareslifferencebetweernML
estimate®f agroupof parameterandtheir null value
In relationto their variance(estimatedrom theinverse
of the obsenedinformation)

Scoretest— teststhe vectorof gradientsof the
log-likelihood,evaluatedat the null hypothesis

Thesecondwo mayberegardedasbasedna
guadraticapproximatiorto thelog—likelihood.
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Lik elihood ratio test
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Wald test
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Scoretest
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Asymptotic properties

Thethreetestsareasymptoticallyequwvalent

Of thethree,Wald testshave theworstsmall
sampleproperties?
Only two areimplementedn ageneralway in
Stata:
Irtest  implementdikelihoodratio test
test, testparm ImplementWaldtests
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E.g. v testsin 2—waytables

O andE represenbbseredand“expected”
frequenciesn cellsof thetable

LR test: X >, 0 —
Scoretest: X' >

Waldtest: X >

(Thisassumeheidentity “link” function. The
testis differentfor the moreusuallogit link)

Notethatthe Wald testbreaksdown in the
presencef emptycells
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Robust variance estimates

Asymptoticsdependonthefactthat,if themodel
IS correct the informationmatrix estimateshe
varianceof thescore

If variancels misspeci edand/ordataare
“clustered”,the LR testwill bewrong

TheWaldtestcanbegeneralizedy useof
HuberWhitevarianceestimate— estimatethe
varianceof the scorefrom theempiricalvariance
of scorecontrilbutionsfrom independentlusters

Thesametrick canbeusedfor scoretests ¢ but is
lesswell-known, andrarelyimplemented
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Generalizedscore test

In theabsenc®f “nuisanceparameters’theidea
IS easy:.
Scorevector U, Is thesumof independent
contributions . If its variancas V' we
calculateX U'V U

Model-basedest: estimatel” from second
deriative of log—likelihood

“Robust” test.estimated” by >~ T

Thingsaremoredif cult in thepresencef
nuisancearameterssinceteststatisticdepends
on nuisancearameterandthesehave been
choserto maximizethe (possiblyincorrect)
hkehhood
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A geometricalinter pretation

, Nuisanceparameter

B (Globalmaximum)

A (Maximumundernull)

Parametepof Interest,;s

Testgradientin thedirectionAB — which

depend®n seconc

ervative matrix at A

Estimatevarianceempirically
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Scoretestasl1-stepestimate

We canview the scoretestasthe rst stepof a
Newton-Raphsomeration

This alsoapplieswith nuisancgarametersand
canbegeneralizedo therobust case
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Computation
1. Maximizelikelihoodw.r.t. nuisancearameters,
—I.e. nd pointA

2. Evaluatefull scorevectorandinformationmatrix
W.rI.t. 15

3. Calculaterobustestimateof varianceof score
vectorat A andhencethe corventional
“sandwich”varianceestimator

4. Computel-step(Newton-Raphson)
approximatiorto globalML estimate f

5. Cornventionalcalculationdor Wald testnow yield
thegeneralizedcoretest
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Required Stataimplementation

1. We needaprogramsctest say whichis called
afterane-classcommandandtestsfor adding
new variablesnto themodel.

logit chd quetelet
sctest bp, robust cluster(fmly)

2. sctest needdo work in conjunctionwith xi:

logit chd quetelet bp
Xl:sctest 1.grp, robust cluster(fmly)

3. ldeallyit shouldwork with all e-classcommands
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Our attempt

1.

2.
3.

Evaluatesubsebf recordswhichwill beincluded
In thefull model

Re t modelin restrictedsubsebf records

Usepredict ,xb to nd linearpredictor
valuesat A

. Re t full model

addingnew variables,

with previously computedinearpredictorsas
“offsets”,and

specifyingiter(0) to force1l-step

. testparm the new parameters
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Why doesn'tit work?

Thisrelieson certainbehaiour of e-class
programaundertheiter(0) option:

1. After computingl-stepestimateof
parametersjo not updatesecondlervatives

2. Likewise,donotrecomputescore
contritutionsandthe “meat” matrix of the
Informationsandwich

Neitherlogit orpoisson behaelikethis.

Nor dothey behae in thesameway asone
another!
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Coding the main iteration loop

Thisideawould work if, in all programstheiteration
loop werecodedasfollows:

while (it < iter & not converged) {

Compute first derivative contributions
Compute first and second derivatives
(Optionally) calculate sandwich estimate

Newton-Raphson wupdate of ML estimate

}

Print results and return

In fact, the variousStatacommandseentto carry out
somefurtherupdateseforereturning.
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But it may still be useful

Asymptoticallythe additionalupdateshould
have no effect

Neverthelessin view of thesedif culties, the
programis noton our website,but is availableto
anyoneinterested

Thecommand:
sctestvarlist [, robust cluster(varname]
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An example

~J
w

Test
Score 3.20
Wald (identity link) 3.81
Wald (logit link) 3.02
sctest 2.74
sctest, robust 2.65
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