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Abgract
Many hypohesesin state politics research are multi-levelN they post that variables
observed at the state level affect individud behavior. When standad OLSis used to test
hypotheses about state-level effects uangindividual-level observations it yields
overconfident standad errors and may lead researchersto falsely rgject null hypotheses.
Primo, Jacobsmeier, and Milyo (2007)explore this problem in thar reandysis of
Wolfinge, Highton, and Mullin's (2005 data onthe effects of voter registration laws on
voter turout They advocte the use of clugered standad errors to solve the problem of
overconfidence. In thispaper, we offer an dterndive approach. We reandyze the same
Wolfinge and Highton data usng arandomizationtest. Therandomzation test proceeds
inthree steps  First, werandomy reassign registration laws from onestate to another
state, scrambling the key independent variables to ensure tha there is no systematic
relationhip between laws and turnout Second,we reruntheusud regressions with
scrambled state labdss, repeating many timesin order to generate a distribution of
simulated spurouseffects. Findly, usngthisdistribution, we can judgehow likely itis
tha we observe theregistration-law effects when indeed norea effectsexist. In other
words we use this distribution in place of a standad #-test to assess thelikelihoodof
falsely rgecting thenull hypohesis. With therandomization test, unlike with cluger
sampling, state-level reforms generally fail to be significant both as additive effects and
asinteractionswith individud characteristics.
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for sharing daa and codeand for hd pful comments, and Robet Franzese and Eduado
Leoni for indghtful feedback.



Do variousstate-level reformsinduc greater turnout at the pdlsin theUS?
While some literature on this topic is time-serial in design, much of thereported evidence
iscross-sectiond in naure. A decided limitation for cross-sectiond andysis would seem
to bethelimiting N of 50 cases when the states are the units of andysis. Cross-sectiond
andysis seemingly undegoes a great improvement when theunit of andysis shiftsto the
individud voter. Beginning with Wolfinge and Rosengone(1980) many studies exploit
the US Census3 biennial pog-election survey of voter participation, which indudes
multiple thouandsof respondents.  With 40,000 cases or more rather than amere 50, the
advantage of usng Current Population Survey (CPS) data would seem to becongderable.
Thegan isnotonly in thenunmber of cases butalso in more efficiently estimating effects
at the state level, while controlling for effects at the individud level tha would otherwise
add noise to themodd.

Onerecent example is theandysis by Wolfinge, Highton and Mullin (200N
hereafter WHMN of the effects of state laws that the alter the cogts of voting on the
probability tha aregistered voter will turn outto vote. Accordingto thisandysis,
reforms such as early voting hours, mailed sample bdlots, and many more innovdions
serve to bood turnoutamongaready registered voters. Aswe will see, however, the
clamisindispute. Thechdlengeisthe multi-level naure of the problem. The
indegpendent variables of interest, or treatments, are administered at the state level. The
respongs, or outcomes, are by individud potential voters.

A troublesome aspect of this multi-level designisthe accurate portraya of the
standad errors of the state-level law effects. When they are estimated in theusud way,

thestandad errors are deflated (and the significance inflated), in tha the effective N for



the state effectsis treated as the number of individud cases ingead of the number of
states. Theclassic statement is by Moulton (1986 1990) See also Dondd and Lang
(2007) Arceneaux and Nickerson (2009)present the general argument regarding how
this problem applies to multi-level daa

Primo, Jacobsneier, and Milyo (2007 N hereafter PIMN offer auseful illugtration
when applied to WHM @ andysis of state laws affecting voting amongregistrants.  PIM
show tha when the standad errors for the state laws are (correctly) estimated as clugered
standad errors (cludered by states), the codficients for thevariousstate laws are mainly
outsidetherangeof statistical significance. Thus it would seem tha theevidenceis
rather unsettled on whether reform legidation actudly boods turnoutamongthe
registered.

At this point, we might condudetha thelessonis complete. Cluger the standad
errors, andthe standad errorsfor state-level variables revert to thar prope vaues, where
the degrees of freedomare based on the nunmber of states rather than on the numbe of
respondents. However, while clugered standad errors are certainly an improvement
over nave standad errors, even cludered standard errors can be overconfident for some
types of data. Thecluger-robug standad error algorithm was designed for datain which
thenumber of groupsis largerelative to the numbe of observationsin groups Fifty
clugersis genaadly consdered enoughfor the asymptotic propeties of clugered
standad errorsto kick in, butthereis currently no consensus on how many clugersistoo
few for inference (Angrist and Pischke2009) WHM andyze 42 states. Isthisclose

enough?



An additiond troudesome detail remainsfrom PIM@ presentation. WHM@
origind modd indudes interaction effects between state-level reforms and individud-
level characteristics. These are plaudble onthegroundstha theinfluence of certain
reforms will vary by thetypeof registrant. For ingance, notification of one3 polling
place could be mog effective for registrants with little education. Aswe will see, certain
muli-level interactionsremain significant with clugering, even when thar main effects
are decidedly nonsgnificant. This could simply be because the each of the
podregistration lavs WHM examine act only on certain subgroupsof registrants. Or,
this patern of significant interaction effects and imprecisely-measured main effects could
bea symptom tha clugered standad errors are overconfident for multi-level interaction
effects. Indeed, recent Monte Carlo evidence suggests that clugered standad errors on
multi-level interaction effects are too small, even when the nunber of groupsislarge
(Leoni 2009.

The present study offers afurther ingghtinto themulti-level inference issue by
applying a QandonizationQtest. By our randonization test, the codes for the 42 statesin
theandysis are shuffled to providerandomly generated state identifications each of
these identificationsis assodated with different electoral laws. (Thisisasif thestate
labd s were droppeal onthefloor andthen reinserted randomly. Each state would have a
state code however it has only aonein 42 chance of beng thecorrect one Arizona
respondents, for ingance, might be assigned Penngylvania® laws.) Therandomshuffleis
repeated a total of 1000times.

Thedata from this exercise provide an approximation of what to expect if the null

hypotheses of no state law effects were trug, or, in other words the (placebo law effectO



(see Helland and Tabarok 2004) For each coefficient, we obtain an empiricaly
observed standad error fromthe standard deviation of the probability densty fundion of
codficients estimated from the 1000fake datasets, centered (theoretically) aroundavaue
of zero. By this experiment, we randornize knowing the GorrectOanswer (no state
effects) and see whether the actud real-world results are within the .05 boundsof
significance from our empirical pdf of placebo effects. Thistest is particularly useful
where thetheoretical standad errorisnoteasily derived because it allows usto obtain a
non-paametric, empirical nul-distribution.

Because it isempirically derived, therandom zation test propely account for any
issues arising from clugering, multi-level interaction, or nonrnormalitiesin the daa.
Thus we can use therandomzation test results as both a methodfor correctly calculating
standad errors for agiven dataset withoutresorting to parametric assumptionsand asa
robugness check agang parametric methodslike clugering. If therandomization
standad errors onthe state-level terms and multi-level interaction terms are similar in
sizeto theclugered standad errors, then ourintuition tha theclugering algorithmis
lacking in this setting will bewrong. If, however, therandomzation standad errors are
larger than theclugered standad errors, and ther assocated p-vaues larger, then we can
condudetha theWHM data are notideally suited for the parametric clugeringfix. In
genead, paametric techniques are valid only if they generate p-valuestha are close in
size to those fromarandomzationtest (Moore, et a 2003,p57, Edgington and Onghena
2007,p.289).

In thefollowing andysis, our randomzation tests show that clugered standad

errors, while a great improvement over typical standad errors, areindeed too small given



the structure of the WHM daa. In this case, randamization tests are more appropriate for
statistical inference. While we use the WHM datato demondrate therandomzation
technique the puzle of estimating contextud effects tha interact with individud
characteristicsis, of course, notlimited to this study. Some recent examplesindude
Griffin and Keane (2009 on African-American turmout Hogan (2005 on coattailsin
state legidative elections Lawless (2004)on female representation in Congtess; and
Soss, Langben, and Metelko (2003)on white opinion on thedeath pendty. Furthermore,
ourfindingsthat clugered standad errors may be overconfident for multi-level
interaction effects comports with Monte Carlo andysis (e.g., Leoni 2009) This suggests
tha therandomization test approach should be more widdy applied.
The Research Question

WHM (2005)use individud-level datafromthe2000 Voter Supdement of the
Current Population Survey to test the effects of state pog-registration laws onthe
likelihoodof turnoutamongindividuds who are registered to vote. While turnoutamong
registered individuds is already relatively high, averaging 86 percent in thar sample,
WHM hypohesize tha certain state laws further decrease the cog of voting, even for
thoe who are already registered. Extended voting hours in the morning and evening,
time off from work on Election Day for public and private employees, and receipt of
sample bdlots and polling place information in the mail give potential voters more time
and information. These laws, then, should be assodated with highe turnout

WHM also hypotesize that the effects of certain pog-registration laws should
vary across different subgroups For example, time off work for puldic employees should

primarily affect thelikelihoodtha public employees will vote, as oppogd to private



employees or theunamployed. Receiving sample bdlotsin themail should primarily
affect thevoting likelihoodof individuds who do not already have theinformation, like
youngand less educated people. To accommodée these potential across-group
differences, WHM set up amodd with several interaction effects between individud
characteristics and state laws. We replicate ther findingsin Table 1.*

We do not object to thetheory behind WHM® hypotheses aboutthe effects of
state pog-registration laws onindividud turnout? However, like PIM, we have concerns
aboutthe precision with which thos effects can be estimated given the multi-level
structure of thedata. AsPIM argue, the WHM daais generated by a process tha
indudes acompounderror term. Onepat of theerror is at theindividud level, and one
patisat thestate level. Thestate-level component induees clugering among
respondentsin the same state. Standad regression techniques, like tha employed by
WHM, ignore the state-level error component, and so they overstate the confidence with
which they estimate the effects of state-level variables. We have an additiond concern,
not addressed in PJM, tha standard techniques also ovestate the confidence with which
they estimate state-level-individud-level interactions

Thee are severa ways to deal with thiscompourd error term. Strategies indude
usng clugered standad errors, modding state random effects, employing afull

hierarchical linear modd, and usng OL S on data aggregated to the state level.

! Because our focusis onthemodding of state-level characteristics and their interactions
with individud-level characteristics, we do nat report theindividud characteristicsin the
WHM modd fromourtable. They indudemeasures of employment status, education,
age income, race, andresidential stability.

2 We do, however, worry tha theempirical enterpriseis plagued with endoganeity
problems, where policy interventionsto boog turnout are motivated by turnoutat the
state level.



Arcenesux and Nickerson (2009) show tha unde the Odedl conditiongof random
treatment assignment and nomally-distributed cluster-level and individud-level
disturbances, each of these techniques peforms equdly well. However, in the case of
observationd daaonturnou, they cautionthechaiceisnotso clear-cut. Estimated
standad errors and, in some cases, point estimates vary across modds and are senstive
to the assumptionsimposed by each technique For the WHM daa, PIM advocate the
use of clugered standad errors ove hierarchica linear modding because, theoretically,
clugering makes fewer assumptions and, practically, clugeringis easier to implement
with available software. However, Leoni (2009)findstha clugering, paticularly for
daasets in which the number of groupsis small relative to the number of observations
within groups yields standad errors tha are overconfident, especially on multi-level
interaction terms.

We arguetha arandomzationtest is appropriate for assessing multi-level
hypotheseslike thos in WHM, paticularly those with multi-level interaction effects,
because, unlike the parametric methodsdiscussed above randomnization tests do notrely
on any distributiond assumptionsaboutthe disturbancesin the modd.

The randomization design

Randomization or permutation tests are a nonparametric way to derive standard
errors and significance tests for the effect of a variable on an outcome. They are used
widdy in biology (e.g. Manly 1997 and increasingly in economics and busness
applications(e.g. Kennaly and Cade 1996)

Typically we want to know how likely it isthat an estimated coefficient is

different fromthenull hypohesis, usudly zero. Standad parametric methodsuse some



fundion of the coefficient and the estimated standad errors to calculate atest statistic
tha istheoretically distributed in some way and compare tha test statistic to its reference
distribution. If tha test statistic isrelatively rare, then we can be confident that the
estimated codficient is different fromthenull hypothesis. For example, inthesmple
case of OLS, we estimate standad errors with theassumption tha disturbances are
distributed i.i.d. N(0, ! 3. We derive ar-test statistic by taking theratio of the estimated
codficient and the estimated standard error and compare that statistic to a student@ ¢
distribution. If itislarger than thecritical value 1.96 or smaller than -1.96 (for sample
sizes 1000or larger), wergject thenull hypotesis of no effect at the 95 percent
confidence level.

Randomization tests proceed in an andogousway but withoutrelying on
theoretical distributons First, we estimate the cogficient onavariable of interest and its
assodated test statistic usng our preferred modd specification. Then, we randonly
reshuffle thedaain such away tha we knowthere is no systematic relationship between
thevariable and the observed outcome. Then, were-run our preferred modd onthe
shuffled daa and get a new estimate of the coeficient and test statistic. We reshuffle and
re-estimate atotal of 1000times. This process gives usadistribution of 1000estimated
codficients centered, theoretically, at zero, and 1000 test statistics. Thisisthereference
distribution for therandomzation test. By locating the observed effect (the estimated test
statistic) onthis distribution we are able to assess the probability that effect could have
occurred by @hance.O

Randomization tests were origindly developad by Fisher (1935 to test the effect

of atreatment in arandomized experiment. Because expeariments typically have smaller



sample sizes, it is possible to shuffle thedaato represent all of the possible permutations
of treatment to subject. Then, therandomizationtest will be exact. However, in many
observationd contexts, obtaining an exact randomization test is practically infeasible.
Sampling many times from the set of possible pemutationsgives an approximate
randomzationtest. Manly (1997 arguesthat, for 95 percent confidence levels,
randomization tests usng 1000draws should be powerful enoughto detect an effect.

Unlike parametric significance tests, randomzation tests make no assumptions
aboutthedistribution of disturbancesin amodd and do notrequire thedistribution of the
test statistics to beknown. Thus randomizationtests are paticularly useful in modds
with complicated error structures for which theoretical standad errors are hard to derive.

However, random zation tests do make oneimportant assumption aboutthe
disturbancesN tha they are exchangesble. Exchangesbility meansthat if thenull
hypothesisistrue, if thevariable of interest indesd has no effect, then observed outcomes
acrossindividuds would be similar (conditiond on confounding covariates) no matter
wha thelevel of thevariable of interest. 1n other words if exchangeability holds then
unde thenull hypohesis, thevariable of interest ismerely alabd tha can be applied to
any observation withoutchanging the expected outcome. Thisjugifiesthe shuffling
procedure. Exchangeability isaweaker conditionthan the standard i.i.d. assumption, or,
in the case of cludering, that observationsare independent across clugers, sincei.i.d.
implies exchangeability but notvice versa.

There iswidespread agreement abouthow to conduct arandomzationtest usng
daatha were generated by arandomzed experiment (for areview relevant to political

scientists, see Keele, McConnaighy, and White 2008)and abouthow to test the



significance of a coefficient in aunivariate modd (e.g., Manly 1997) However, in the
case of obervationd data and multivariate modds, many methodshave been devised,
and only recently have they been subjected to side-by-side comparisons

There are several proposd ways to reshuffle daato break therelationsip
between a variable of interest Z and an outcome Y for a multivariate modd with other
covaiates X. Kennaly (1995)reviews the mog common methodsin theliterature. These
indudesmply shuffling Z or shuffling Y. More complicated methodsindude
Qesidudizing YON residudizing Y with respect to the other covariates X, shuffling the
residudized Y, and regressing it on ZN and Ghuffling residudsON regressing Y on X,
shuffling theresiduds from this regression, adding them to the predicted Y fromthis
regression, and regressing thenew Y vector on X and Z.

Theresults from Monte Carlo andyses in Kennedy and Cade (1996)suggest tha
thesimple method of shuffling Z is sufficient in the multivariate context so longas
inferences are based on the distribution of test statistics and not on thedistribution of
codfficients. ® Further Monte Carlo andysesin O@orman (2005 confirmstha the
simple shuffle Z method peforms aswell in terms of power and size, even in the
presence of non-nomal error structures and high correlation between Z and the other

covariates X. Thus we choge to use theshuffle Z method\ to bresk therelationghip

% Thelogic behind thisrecommendaionis as follows. Shuffling Z does nothold congant
the collinearity between Z and theother covaiates X. Say, for example, that Z and X are
highly collinear. Then, we would expect tha the sandad errors on the coefficients of
these variablesto belarge Because shuffling Z destroysthe collinearity between Z and
X, the codficients obtained from therandomization method may nat vary as much as
they would in actud repeated sampling. Thusinferences from thedistribution of
randomized codficients would betoo confident. Because test statistics are adjused for
variance magnitude they are undfected by changing the collinearity in the data

10



between state laws and individud turnout we randomly reassign thelaws of onestate to
theresidents of another state.

This approach has precedents in empirical sodal science work. Used asit is here
to evaluate the effects of state laws onindvidud behavior, theshuffle Z methodis
equivalent to the (olacebo lawsOtechniqueused in Helland and Tabarrok (2004)to test
the effect of Ghdl issueDgunlaws on crime and in Donohueand Wolfers (2006)to test
thedeerrent effect of capital punishment.

Findings

To reassess thefindingsin WHM, we performed arandomization test to estimate
empirically derived standad errors and test statistics for the codficientsin thar origind
modd. First, we detached the state-level variables fromtheindividud-level
observations Then, werandonly reassignal state level-variables to state popuktions
This particular random zation procedure preserves the menu of state laws and the
assodation of individuds within astate. For example, al of theresdents of Georgia may
berandomy assignad al of the pog-registration laws from Washington. It ispossible
tha theresidents of Georgia may berandomy assigned thelaws of Georgia and even tha
we may recreate the actud dataset throughrandomassignment. Thisisjugified because,
unde thenull hypohesis, theactud daais consgdered to beequdly likely as any other
permutation.

After shuffling the state laws, we recalculate the interaction terms between state-
level and individud-level effects. Findly, we rerun the WHM modd and collect the
coefficients and z-values from standad significance tests. We repeet this process a total

of 1000times.

11



Table 1 replicates the multivariate logit modd of turnoutin WHM, with
unadjuged and clugered standad errors, and shows the estimated standard errorsfrom
ourrandomzationmethod. Thelogit andysis shows codficients for six main effects of
state laws and six additiond interactionsinvolvingindividud characteristics. Focusng
first on WHM@ unadjusted standad errors, we see nine of the 12 coefficients pass the
conventiond .05 threshold of statistical significance.

PIM@ clustered standard errors offer a useful correction. Of thesix additive
effects of state laws, only oneremains statistically significant and tha istime off for
private employees, which hastheincorrect sign. With clugering, ther standad errors
expand so tha the observed coefficients (with theoneodd exception) do notreach the
requirement for significance at theconventiond .05 level. But the six interaction effects
show little changein ther standad errors from clustering by states. Thethree
interactionstha are significant with unadjused standad errors remain significant (at
least at .10) with clugering. Perhgpsthis meansthat, as suggested by the Monte Carlo
andysisin Leoni (2009, clugering does not propely calculate standard errors on multi-
level interaction effects.

Standad errors based on our randomzation tests offer the corrective. Compared
to the clugered standad errors, those fromtherandomization test are dightly larger for
additive effects and consderably large for interaction effectsin mog cases. Theonly
state law effect that retainssignificance is theincorrectly-signed time off work for private
employees (and tha only at thegenerous.10level). Theinteraction effects between

mailed polling place information and education, mailed sample bdlots and education, and
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mailed sample bdlots and youngliving withoutpaents are significant usng clusered
standard errors butlose ther significance with randomized standad errors.*

Thebest test however is notbased onthestandad errors from therandomnization
test. These assume anomal distribution. But as discussed in the previoussection the
randomization test is adistribution-free nonpaametric test. For each codficient, we can
determinethe pottion of therandomdraws within .05 (or less) at each tail and observe
whether the oberved codficient falls within these bounds

Figure 1 (on pages 25-26) graphically displays the some of theresults from our
randomization test.” For discussion, we take the case of the possible effect of early
voting hours as our example. Thethree early voting graphsare shown in thetop row.
Thefirst graph shows thedengty of the 1000estimated coefficients on theearly voting
hoursindicator estimated usng 1000datasets in which we know thereis no systematic
relationship between early voting hours andturnou. Thedistributionis, as expected,

centered aroundzero. Thedark gray shaded area represents the 5 percent mog extreme

* Throughout we refer to the statistical significance of the coefficients oninteraction
effects. We are aware, of course, tha the p-valueassodated with an interaction
coefficient tests only whether the effect of oneindependent variable on thedependent
variable dependson another independent variable. For example, thetest onthe
interaction term between mailed polling place information and youngliving without
parents tests whether the effect of mailed polling place information on aregistered
voter@® propensty to vote is different if the personis youngand living withoutparents
versesif sheisnot Thistest isonly oneof many interactive hypoheses onecould
condud usngamodd like that in WHM (see Kam and Franzese 2007) Furthermore,
onecannotinfer thedirection of this conditioning effect by observing thesign of the
interaction codficient because thisis alogit modd (Ai and Norton 2003) However,
because prope calculation of thestandad errorsisour primary conarn, we do not
pursuetheinvestigaion into the margind effects of laws any further. Sufficeit to say,
therandomzation standad errors are, as expected, larger than the clugered standad
errors, and this expangon makes a difference for at least onetype of interactive
hypohesis.

® Full graphical results are available upon request.

13



codficients, and theentire shaded area covers the 10 percent mog extreme coefficients.
Thedotted lineindicates the magnitudeof the codficient estimated usng the actud
observed data, the coefficientin Table 1. From this graph, we can see tha the estimated
early voting houss effect is notrare by conventiond statistical standads It does notfall
amongthe 10 parcent mos extreme coefficients. Therefore, we cannotrule outthe
possibility that the effect of early voting hoursin the WHM modd isjus randomnoise,
i.e.: we cannotreject thenull hypohesis tha the early voting hours effect on turnoutis
zero. Agan, theonly state law effect tha falls amongthe 10 percent mog extremein its
randomized distributionis theincorrectly signed time off work for private employees.

Thesecondearly voting hours graph in Figure 1 shows the dendty of the 1000z-
values calculated usng the conventiond test of significance in a multivariate logit modd
ontheearly voting hous effect. Asin thecodficient graph, we seetha thetest statistic
derived fromtheactud daais notamongthe 10 percent mog extreme. For al of the
state laws and interaction effects, theinferences drawn fromthedistribution of z valuesis
the same as tha drawn from the distribution of coefficients.®

Thethird graph acrossthetop of Figure 1 shows thedistribution of 1000p-vaues
assodated with the 1000codficients, calculated ugng the conventiond significance test.
Theshaded area covers p-valuestha are 0.1 or smaller, small enoughto jugdify rejecting
thenull hypothesis tha early voting hours have no effect on turnout Even thoughthese
p-vaues were calculated usng daain which we know there is no systematic relationship
between laws and turnout, 66 percent of the p-values were less than or equd t0 0.1. This

meanstha udng standard significance tests with this data would cause oneto falsely

® Thisis probably because we shuffle themenu of state laws, instead of each laws
individudly, which preserves the collinearity among the laws.
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infer tha early voting hours have an effect on turnout 66 percent of thetime, indead of
10 percent of thetime, as we would expect at the 90 percent confidence level. Standad
tests on almog all of the pog-registration laws exhibit larger than expected typel errors.
This undescores theimportance of accouning for the clugered nature of thedaaand

illugrates the chdlengeof testing multi-level interaction effects.

Additive Models

As an alternaive to the complexity of themodd with interaction effects involving
respondents and states, we can estimate strictly additive modds for subgroupswho might
be particularly sengtive to the stimuli of reforms designed to induce voting amongthe
registered. Table 2 showstheresultsfor 2 additive equaions Thetop equdionisfor al
respondents. It mimics Table 1 except tha theinteraction terms are omitted. With
unadjuged standad errors, early voting and late hours appear to behighly significant.
But they are notsignificant with clugered standad errors. Time off for private
employees is the onesignificant reform variable with clugered standad errors and its
codficient embarassingly hasthewrongsign. When we do our 1000simulationsusng
the randonization technique noneof thereform coefficients show up as significant.”

But maybe we could find reform effects amongyouth, a grouptha may be mog
receptive to efforts to improveturnoutamongtheregistered. Here we see early voting
and mailed sample bdlots as significant with the unadjused standad errors. Themailed

sample bdlot survives as significant both with theclugered standad errors and owr

" Thefive coeficients (excluding time off for private employees) are collectively
significant, however, at the.03 level.
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randomization test with theusud 1000simulations® Evidently youth do respondto the
receipt of asample bdlot.
Why No Significant Effects?

How could it bethat our estimates of the effects of state reforms are largdy not
significant? Let ususe the additive modd aggregaed to our 42 states. Then, we go step
by step to oberve thegansand limitationsof statistical leverage as we go from asimple
aggregae (42 state modd) to the contextud modd.’

Start with themodd where the units are the 42 states and theindgpendent
variables are thesix reform variables. ThisyieldsEquéaion 1 shown in Table 3.
Equaion 2 incorporate controls for South, Battleground,and Conaurrent Senaorial or
Gubenaoria Contest. In each case, theresults are disappointing for thereform
hypothesis. Only onevariable is significant in each equdion, andtha isthewrongly
signa coefficient for time off for private employees. Extended evening housis barely
significant, butonly withouttheadded controls. Collectively, thesix reforms have a
significance level of only .07 (.08 with the controls), short of theusud .05 benchmark.

Thelesson from this barebones modd is tha we should want to control for
individud effects. Suppo® we do so by adding a summary measure of the state-
aggregated individud effectsfromtheindividud-level equdion. For thisvariable, we
take the prediction equaion from theindividud-level andysis and subtract outthe

estimated effects of the state-level variables. Then we take the state means of this

8 Using clugtered standad errors, the collective significance of thesix reforms is aweak
.34. Reaultsthisfar from zero could have occurred onetimein threeif al six null
hypotheses are true

® Given thelack of scholarly coneensus on how many groupsare needed for prope
inference in multi-level daa, Angrist and Pischke (2009)recommend aggregaionas a
robustness check on group-level effectsfoundusang individud-level daa
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individud-level equaion and enter them into the state-level equaion. Theresults are
shown in Equaion 3.

We now have a summary control for the contribution of averageindividud-level
effectsto state turnout Adding this variable allows usto explain hdf (but only hdf) of
thevariance in state turnout Theimportant point is tha with these controlsthereform
coefficients are no more impressive than before. The control for state-level individud
effects generates some chuming of the estimates, but they are decidedly notvery
significant. Only time off for public employees passes the .05 threshold, butis ailmogs
offset by thewrongly signed negative codficient for time off for private employees.
With theadded contrals, the net effects of the six reforms become even less significant.
Controlling for state characteristics plustheindividud-level characteristics of the state
samples, thesix reforms are significant only at the.11 level.

While this aggregae-level exerciseisinformative, it is better to estimate the
effects of the specific reforms fromtheindvidud-level equaion. Fromtheindvidud-
level equaionwe can aggregae upto the state level in terms of theindividud-specific
characteristics, the state characteristics, and the state reforms.  For this exercise, we
dividetheindividud-level prediction equaion into three componentsN theindividud-
level characteristics, the state-level traits (South, battlegroundstate, senaoria or
gubenaoria contest, andtheimportant component based onthe six reforms. Theresults
areshown in Table 4.

Here we see tha all three sets of predictors are significant when aggregaed to the

42 states. Of special interest istha the six predictors are collectively significant at the
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.05level. Thismay bethebest we can doin terms of arguing for the collective
significance of thereforms onvoting rates amongregistrants usng the 2000CPS data.

S0, agan, why cannotwe do better at finding evidence tha reforms boos
turnout? One@ intuition might bethat once we know a state citizenry@individud
characteristics and some state characteristics in terms of whether or notthe state is
southern, a batlegroundstate, or has a senaoria or gubenaoria contest tha we can
explain mog of thefactors affecting a state@ turnout. 1t would seem then tha with little
further residud variationto control for, we can readily estimate the effects of reforms on
turnout But our surmiseisincorrect. Combining mean individud characteristics (as
measured), state characteristics, plusour reforms, we can do no more than explain hdf
the aggregae-level variance of turnoutamongregistrants in the 42 states. With turnout
reforms leading to modest effects at best, it isnowonde that thereform coeficients are
rarely significant.
Conclusions

We have used the nonpaametric techniqueknown as therandonization design to
show tha thereported effects of reforms designed to encourage turnoutamongregistered
voters are not statistically significant. Specifically, we conduded multiple smulations
where the state labd s were scrambled so that the distributionsof theclugers of laws were
assigned randonly. Alabamamight get Minnesota@ laws, etc.

We applied this methodobgy bath to the WHM interactive modd and to the

additive version. We also applied thisto theadditive version to ayouth sample. Based
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onthesmulations the observed codficients for state laws fromthe WHM andysis of
turnouteffects are essentially not statistically significant.*

Thedaafor this studyisfrom a cross-section of registered votersin 2000 Asa
cross-sectiond study, theandysisislimited by endogendty concerns Reformsare not
distributed randomy in the states. We might expect that states with high turnoutlevels
are mog proneto pass legidation tha expedites the voting process. Alterndively, it
might betha state legidatures are more likely to passlegidation asarespong to a
duggish voting record. These possibilities are reason why the best designfor inferring
the effects of reform legid ation would be some sort of atime series design.

Despite the negativeOnature of our findings we do notarguethat legidation
designed to encourage turnoutamong registered votersisingfectud. Thevariousacts
such as early voting and late hours may well have thar intended intent. Thereis nothing
in ourfindingsthat would deny tha reforms influence turnoutby at least afew
percentage points. Butif ther effects are to pus turnoutup by only afew pecentage
points, the effects are not easy to estimate at thestate level. Thereis sufficient noisein
theform of unobgrved sources of state turnoutto prevent the estimated effects to pass

theusud thresholdsof statistical significance.

19 TheWHM modéd uses data onindividud voters, with state-level variables as
contextud variables. Two further alterndives are to employ multilevel modding (with
randomeffects) and to employ fixed effects where state dunmy variable coeficients
fromtheindividud andysis are modded in terms of state characteristics. We anticipae
tha randomization tests for these modds would also find reform effects outsidethe usud
boundsof significance.
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Table 1: Comparison of Standard Errors in Full Turnout
Model

Full Model Unadjusted
Standard
Coefficient Errors
Early voting 0.14 0.03 **
Late voting 0.08 0.04 *
Mailed polling place information 0.24 0.12 *
Mailed polling place information x
education -0.08 0.04 *
Mailed sample ballots 0.29 0.12 *
Mailed sample ballots x education -0.09 0.04 *
Mailed sample ballots x age 18--24 and
live with parents 0.01 0.12
Mailed sample ballots x age 18--24 and
live without parents 0.33 0.13 *
Time off work for state employees 0.06 0.05
Time off work for state employees x state
employee -0.02 0.19
Time off work for private employees -0.19 0.05 **
Time off work for private employees x
private employee 0.03 0.06
Southern state -0.19 0.04 **
Battleground state 0.08 0.03 *
Concurrent senatorial or gubernatorial
contest -0.09 0.04 *
N=44,859

tp<.10; *p<.05; **p<.01; Significance levels are set at .10, .05, .
2007.

Individual-level variables are omitted from the table.

Clustered
Standard Errors

0.10
0.08
0.22

Xk %

Randomized
Standard
Errors
0.12
0.11
0.25

01, as consistent with Primo, et al,,
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Table 2. Additive Models for All Respondents and for Youth, 18-24 only

Additive Model, All
Respondents

Early voting

Late voting

Mailed polling place
information

Mailed sample ballots
Time off work for state
employees

Time off work for private
employees

Southern state
Battleground state
Concurrent senatorial or
gubernatorial contest

N=44,859

Unadjusted
Standard
Coefficient Error
0.14 0.03
0.08 0.04
0.04 0.06
0.09 0.05
0.06 0.05
-0.18 0.04
-0.19 0.04
0.08 0.03
-0.09 0.04

Xk

k%
X %

Clustered
Standard
Error
0.10
0.08

0.14
0.12

0.10
0.06
0.08
0.07

0.08

tp<.10; *p<.05; **p<.01; Significance levels are set at .10, .05, .01, as
consistent with Primo, et al., 2007.

Individual-level variables are omitted from the table.

Additive model, 18-24 only

Early voting

Late voting

Mailed polling place
information

Mailed sample ballots
Time off work for state
employees

Time off work for private
employees

Southern state
Battleground state
Concurrent senatorial or
gubernatorial contest

N=3,697

Unadjusted
Standard
Coefficient Error
0.20 0.09
0.12 0.09
-0.15 0.15
0.49 0.13
-0.16 0.12
0.06 0.10
-0.06 0.10
-0.01 0.09
-0.30 0.10

X X

Xk

Clustered
Standard
Error
0.13
0.12

0.19
0.20

0.15

0.10

k%

Xk %

Randomization
Standard Error

0.
0.

0.
.16

o O

11
11

16

.15
13
12
a1

13

Randomization
Standard Error

0.
0.

16
15

0.21
0.22

0.21

0.

18

tp<.10; *p<.05; **p<.01; Significance levels are set at .10, .05, .01, as consistent with Promo, et

al., 2007.

Individual-level variables are omitted from the table.
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Early voting
Late voting
Mailed polling
place
information
Mailed sample
ballots

Time off work
for state
employees
Time off work
for private
employees
Southern state
Battleground
state
Concurrent
senatorial or
gubernatorial
contest

Mean
individual
predicting
from
respondent
characteristics
Adjusted R
squared
Probability the
6 reforms are
collectively
significant
N=42

*p<.05; **p<.01;

**¥*¥p<.001

Table 3. Aggregate Analyses Using States as Units

Equation 1
Standard
Coefficient Error
0.17 0.08
0.04 0.13
0.01 0.04
0.19 0.12
-0.23 0.10
0.17 0.08
0.14
.07

Equation 2
Standard
Coefficient Error
0.06 0.09
0.13 0.09
-0.03 0.13
0.03 0.04
0.15 0.12
-0.27 0.10
-0.22 0.10
-0.03 0.09
-0.03 0.10
0.19
.08

Equation 3
Standard
Coefficient Error
0.00 0.09
0.10 0.09
0.00 0.13
-0.02 0.04
0.22 0.12
-0.16 0.10
0.56 0.18
0.06 0.07
0.26 0.10
1.74 0.36
0.52
A1

24
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Table 4 Predicting State Level Turnout from Three Components

Coefficient | Standard
Error
Individual Level Predictions 1.20 0.29 | *x**
State Characteristics 1.50 0.68 | *
State Level Reforms 0.63 0.31 | *

N=42
Adjusted R squared = 0.49
*p<.05; **p<.01; ***p<.001
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Figure 1
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