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Outline - Questions
— Whatarethesuney designfeatureghatl needto take into account?
— How doesthe surwey designeffect biasandvariance?
— How do | accountfor complex designin practice?
— How do | analyzesubgroups?
— Whataremy PSUs/clusters?
— WhatdoesStatado comparedo otherSoftware?

— A guestiomot answeredere:How do | treatmissingdata?
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Complex Designs Features that Affect Analysis

— Strati cation
Units areputinto similar groupsfor sampling
Strataarenonoverlappingandcover whole population

Example:Stateswvithin Germary, countrieswithin Europe,
typesof schoolg(e.g. PISA)

— Clustering
Groupsof unitsthatareselectedasa group

Example:Electiondistrictswithin States

— Weightsaccounffor selectionprobabilities,nonresponsadjustment
to externalcontrolcounts(poststrati cation)
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Strati ed sample — and — Cluster sample
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Effects on standard error
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— Strati cation
may reducestandarderrors

— Clustering
usuallyincreasestandarcderrors

differentunitswithin a clustermaytendto be similarin the
educatiorandserviceghey receve

repeatedneasuresnthe samestudentarecorrelatedthe student
canbetreatedasaclusterfor someanalyses
— Weights-usedo accountfor unequalkelectionprobabilities,
nonresponsadjustmentspoststrati cation
to bring sampleto level of populationwhenestimatingotals

whenusedin models estimatesareof "model thatwould be tted
If you hadentirepopulationin sample”
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Design Effects

def A measuref hov muchdifferentyour samples from asimple
randomsample(or samplewheredatacanbetreatedasindependent
andidenticallydistributed)

— De nition

va(") _ varianceaccountingor compleity
varsrd ") varianceassumingsRS

deff (") =

anothemway to think about
def=1+ (n 1)

This appliesto arny estimatermean total, modelparametertffects
on standarderrorsarereportedasdeft= ~ def (if nofpc speci ed).

In clusterecsampleghedeft'sareusually> 1. Statareportsdeft's,
deft's,andmeff's.
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Examples

— NationalHealthandNutrition ExaminationSuney IlI: 23 strata,2
PSUsperstrata

Hypertension Samplesize Unweighted Weights deff
Yes 449 5.4% 3.9% 4.19

— SocialScienceSuney 1997
(Sozialvissenschaftents - SaviBus): 603PSUs

Fearof crime Subpop. n Estimate SE  def
West 2,168 22.5% 0.013 2.00
East 1,100 30.2% 0.020 2.08
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Accounting for Complex Design in Practice

— Outdatedincludetermsin the modelto implicitly incorporatedesign
features(e.g.,includestrati cation variablesasx variables)

— Useweightsbut adjustindependence-bassthndarderrorsusing
estimatediesigneffects

— Estimatestandarcerrorswith methodgshataccountfor comple
design

— Estimatestandarcderrorbasedon underlyingmodel
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Methods for estimating standard errors

— Exactformulas

— Linearizationor Taylor seriesestimation:

Approximateanestimatomwith alinearfunction,thencompute
varianceof approximatiorusingformulaappropriatéo sample

design

— Replication:
Divide sampleinto subsamples;omputeestimatgdrom each
subsample@ndvarianceamongsubsampl@stimates
Jackknife pbalancedepeatedeplication(BRR, balanced
half-sampling) bootstrap

10
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Pros

Linearization

Replication

goodlarge sampleproperties

appliesto complex formsof estimates
canbe computationallyfaster
maximizesdegreesof freedom(stability)

sandwichversionis model-rolust

goodlarge sampleproperties
appliesto complex formsof estimates
sampleadjustmentgasyto re ect

no knowledgeof designneeded

avoidsdisclosureof PSUandStrata
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... and Cons

Linearization Replication

separatéormulafor eachestimate| computationallyintensve

specialpurposeprogramming may be unclearhow bestto form replicates

hardto accounfor adjustments | increasedle sizes

sometimesppliedin waysthatloosedfs
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Example Implementation in Stata 8

svyset [pweight=examwqt], psu(psu)  strata(stratum)
svydes
pweight: examwgt
Strata: stratum
PSU.: psu
#Obs per PSU
Strata 0000 eeeeeeeeeeeeeeeeeeeeeeeee
stratum #PSUs #QObs min mean max
1 2 370 160 185.0 210
2 2 339 149 169.5 190
3 2 285 129 142.5 156
23 46 8360 70 181.7 246
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Stata 8

svyset

svymean poverty

[pweight=examwqgt],

psu(psu)

food _bev weight , deft

strata(stratum)

pweight: examwgt Number of obs(*) = 8360
Strata: stratum Number of strata = 23
PSU: psu Number of PSUs = 46
Mean | Estimate Std. Err. Deft
_________ S cme mmm mmm mm mme mmm mmm mme mme mee - =
poverty | 3.21537 1163011 4.822822
food bev | 2551.368 38.30955 2.675161
weight | 167.3652 9343583 2.098078
_________ S cme mmm mmm mm mme mmm mmm mme mmm mee e =
Stata 9
svyset psu [pweight=examwqt], strata(stratum)
SVy. mean poverty food _bev weight
estat effects, deft
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New Implementation in Stata 9

— Jackknifevarianceestimators
— BRR varianceestimators
— Poststrati cation

ExamplecodeStataO:
svy jackknife slope= _b[weight]:

svyset psu [pweight=examwqt],
brrweight(rplO1-rpl24) vce(brr)
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strata(stratum)

height
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Some practical issues
— Stratawith onePSU

Commonerrormessage

stratum with only one PSU detected
r(460);

LocatingsingletonPSU
svydes
— Comparingsubgroups
Canoftenleadto singletonPSU

Recommendegdrocedure
svytab agcat gaditl, subpop(rhsp)
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Interviewer as part of design effect
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Comparison to other programs

Method SPSSCS STATA SUDAAN Wes\ar SAS
Taylor Linearization ? X X X
ReplicateWeights X X X

Descriptives SPSXCS STATA SUDAAN Wes\ar SAS
Means X X X X X
Totals X X X X X
Ratios X X X X

Proportions X X X X X
GeometricMeans X X X

Quantiles ? X X

Note: Thisis amoving target.
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Analysis Features

SPS3CS

STATA

SUDAAN

Wes\ar

SAS

LinearRegression
Instrumentavariables

Interval andcensoredegression

Logistic Regression
Multinomial LR
OrderedLR
ProbitModels

LoglinearModels

X X X X | X X X

X

Testsof Independencan Tables
Linear ContrastsDifferences
Poissorregression

Survival Analysis

D X X X

X X X X | X
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Outlook

Is therestill somethingmissing?

— Randomgroups

— Bootstrapestimation StatisticsCanadgusedike BRR)

— Sampleselectiorroutines

— Weightcalculationfor nonresponser unknown eligibility

— Weightcalculationfor generakegressiorestimatol GREG)
Somequestiongegardingthe currentimplementation:

— How is Poststrati cationdone?

— Are BRR andjackknifereplicatecreatedwithin Stata?How?

— Any plansto allow thesvy pre x for survival models?

— How would you suggesto handlecross-classi cation?
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