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Testsbasedon lik elihood ratios

� Therearethreegeneralapproachesto testing
hypothesesconcerningnestedmodels:

� Likelihoodratio test— comparelog-likelihoodatnull
modelwith its (maximized)valueunderthealternative

� Wald test— comparesdifferencebetweenML
estimatesof agroupof parametersandtheirnull value
in relationto their variance(estimatedfrom theinverse
of theobservedinformation)

� Scoretest— teststhevectorof gradientsof the
log-likelihood,evaluatedat thenull hypothesis

� Thesecondtwo mayberegardedasbasedona
quadraticapproximationto thelog–likelihood.
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Lik elihood ratio test
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Wald test
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Score test
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Asymptotic properties

� Thethreetestsareasymptoticallyequivalent

� Of thethree,Wald testshave theworstsmall
samplepropertiesa

� Only two areimplementedin ageneralway in
Stata:

� lrtest implementslikelihoodratio test

� test, testparm implementWald tests

a Fearsetal.,Am.Statitician, 50:227–7(1996)
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E.g.

�

testsin 2–waytables

� and representobservedand“expected”
frequenciesin cellsof thetable

� LR test:
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� Scoretest:
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� Wald test:
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�

(Thisassumetheidentity “link” function.The
testis differentfor themoreusuallogit link)

� NotethattheWald testbreaksdown in the
presenceof emptycells
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Robust varianceestimates

� Asymptoticsdependon thefactthat,if themodel
is correct, theinformationmatrixestimatesthe
varianceof thescore

� If varianceis misspeci�edand/ordataare
“clustered”,theLR testwill bewrong

� TheWald testcanbegeneralizedby useof
Huber–Whitevarianceestimate— estimatethe
varianceof thescorefrom theempiricalvariance
of scorecontributionsfrom independentclusters

� Thesametrick canbeusedfor scoretests a but is
lesswell-known, andrarelyimplemented

a Boos,Am.Statistician, 46:327–33(1992)
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Generalizedscore test

� In theabsenceof “nuisanceparameters”,theidea
is easy:

� Scorevector, , is thesumof independent
contributions ��� . If its varianceis we
calculate

�

� T

�

� Model-basedtest:estimate from second
derivativeof log–likelihood

� “Robust” test:estimates by �

�

�

�T

�

� Thingsaremoredif�cult in thepresenceof
nuisanceparameters,sinceteststatisticdepends
onnuisanceparametersandthesehavebeen
chosento maximizethe(possiblyincorrect)
likelihood
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A geometricalinterpretation

�

�

Parameterof interest,

�, Nuisanceparameter

�

�

A (Maximumundernull)

B (Globalmaximum)

�

� Testgradientin thedirectionAB — which
dependsonsecondderivativematrix atA

� Estimatevarianceempirically

Scoretests– p.10/18



Score testas1-stepestimate

� Wecanview thescoretestasthe�rst stepof a
Newton-Raphsoniteration

� Thisalsoapplieswith nuisanceparameters,and
canbegeneralizedto therobust case
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Computation
1. Maximizelikelihoodw.r.t. nuisanceparameters,

� — i.e.�nd pointA
2. Evaluatefull scorevectorandinformationmatrix

w.r.t.

�

���

�

3. Calculaterobustestimateof varianceof score
vectoratA andhencetheconventional
“sandwich”varianceestimator

4. Compute1-step(Newton-Raphson)
approximationto globalML estimate

�
�

�
�

�

�

5. Conventionalcalculationsfor Wald testnow yield
thegeneralizedscoretest
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RequiredStataimplementation
1. Weneeda program,sctest say, which is called

afterane-classcommand,andtestsfor adding
new variablesinto themodel:

. logit chd quetelet

. sctest bp, robust cluster(fmly)

2. sctest needsto work in conjunctionwith xi:

. logit chd quetelet bp

. xi:sctest i.grp, robust cluster(fmly)

3. Ideally it shouldwork with all e-classcommands
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Our attempt
1. Evaluatesubsetof recordswhichwill beincluded

in thefull model
2. Re�t modelin restrictedsubsetof records
3. Usepredict ,xb to �nd linearpredictor

valuesatA

4. Re�t full model

� addingnew variables,

� with previouslycomputedlinearpredictorsas
“offsets”,and

� specifyingiter(0) to force1-step

5. testparm thenew parameters
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Why doesn't it work?

� This reliesoncertainbehaviour of e-class
programsundertheiter(0) option:
1. After computing1-stepestimateof

parameters,donotupdatesecondderivatives
2. Likewise,donot recomputescore

contributionsandthe“meat” matrixof the
informationsandwich

� Neitherlogit or poisson behave like this.
Nor do they behave in thesamewayasone
another!
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Coding the main iteration loop
This ideawouldwork if, in all programs,theiteration
loopwerecodedasfollows:
while (it < iter & not converged) {

Compute first derivative contributions

Compute first and second derivatives

(Optionally) calculate sandwich estimate

Newton-Raphson update of ML estimate

}

Print results and return

In fact,thevariousStatacommandsseemto carryout

somefurtherupdatesbeforereturning.
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But it may still beuseful

� Asymptoticallytheadditionalupdatesshould
have noeffect

� Nevertheless,in view of thesedif�culties, the
programis notonour website,but is availableto
anyoneinterested

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

�

�

�

�

�

�

7 3

�

�

3 7

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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