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| ntroduction

Two methods that have figured prominently in work on elecfaensics are robust estimation of
count data models with outlier detection (Wand, Shottsh8akMebane, Herron, and Brady
2001; Mebane and Sekhon 2004; Mebane and Herron 2005) aad#sed on the so-called
second-digit Benford’s Law (2BL) distribution applied tote counts (Mebane 2006a,b, 2007b,a,
forthcoming). Mebane (2007a) sharpens the question ofivehelepartures from the 2BL
distribution are useful for detecting gross departuresifam untainted voting process, asking
whether the particular pattern of departure is useful fagdosing precisely why anomalies may
have happened. The analysis in Mebane (2007a) ultimatelysés on the conditional means of
the second digits in collections of vote counts, measurow these means differ from the means
expected according to the 2BL distribution. The conditignfiactors in that analysis, which
examined data from the 2006 election in Mexico, were thagartaffiliations of mayors in
Mexican municipalities.

The focus of the current paper is to illustrate such condéialigit-mean analysis where the
conditioning factors come from robust estimation of therdiation of measures of plausible
methods by which an election may have been corrupted. Foltpavbrief simulation exercise
intended to suggest intuition, | look at an example from tB@42U.S. presidential election in

Ohio and at an example from the 2004 presidential electiduissia.

2BL Test Statistics

| use two kinds of statistics to implement tests of whethdewmunts have the 2BL distribution.
One is the Pearson chi-squared statistic used in Mebané42@8d subsequent work. To define
this statistic, ley; denote the expected relative frequency, according to Beisftaw, with which

the second significant digit js* Let n; be the number of times the second digij ismong the

1The expected frequencies are (roundggd). . ., q9) = (.120,.114,.109, .104, .100, .097, .093, .090, .088, .085).



vote counts being considered, and defihe- Z?:O n;. The statistic for a 2BL test is
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This statistic may be compared to th&distribution with 9 degrees of freedomgy).

The other kind of test, illustrated in this paper, companesarithmetic mean of the second
digits to the mean value expected if the digits are 2BL-ttisted. This test adapts an idea used in
Grendar, Judge, and Schechter (2007)’s analysis thatdecusthe first significant digit and is
intended to identify what they describe as generalized @erdistributions. Grendar et al.
suggest that data that do not conform to Benford’s law may fiest digits that match a member
of a specified class of exponential families. In Mebane (B)0@rgue that vote counts in general
do not have digits that match Benford’s law at all. For insigrthe distribution of the first digits
of vote counts is undetermined. Mebane (2006b) demonstagbair of naturalistic models that
produce simulated vote counts with second digits but ndtdiggts that are distributed roughly as
specified by Benford’s law. Nonetheless we can use the mete second digits to test how
closely the digits match the 2BL distribution. Given 2BLstlibuted counts, the value expected
for the second-digit mean is (rounde@?:0 Jg; = 4.187.

This second kind of test straightforwardly supports askihgther the distribution of second
digits differs from the nominal 2BL distribution in a way tidepends on observed conditioning
factors. For vote countg observed for precincts or polling stations indexed fys simply a
matter of regressing (by ordinary least squares) the sedigitd on a set of conditioning factors
X; and testing whether the associated coefficients are gtatigtdistinguishable from zero.
When the number of counts in the analysis is large, simpleabtheory methods are at least a

reasonable first-cut method for making inferences.



Simulations

First let me illustrate what happens to the second-digttidistions when votes are artificially
manipulated, first in a proportionally uniform manner anertimonuniformly in some simulations.
Start with a situation in which there is an ideal set of nurslikat perfectly satisfy the 2BL
distribution, and imagine that all the numbers are grosslygased to such an extent that the
second digits all change. Table 1 shows what happens in stecimstances. Each row of Table 1
shows an imagined ordering for the second digjtandexed by; = 0, . .., 9, followed by the
implied 2BL mean vaIuE?z0 d;q;. The first row shows the unshifted digits, the second row
shows the digits shifted up by one (e @hecomed, 1 becomeg, and so forth), continuing
through the tenth row which shows the digits shifted up byen#nother perspective on these
shifts is to recognize that the digits in the second row odcaset of 2BL-distributed counts are
all increased by ten percent, the digits in the third row odcihe increase is by twenty percent,
and so forth. Yet another perspective is that the digit anden the second row occurs if all the
digits are shifted down by nine; for suitably large countss torresponds to decreasing all the
original counts by ninety percent. In every case in these rows of the table, such uniform
shifts in the digits produces increases the 2BL mean. Psrt@aynterintuitively, then, the mean of
the second digits in a set of counts should be greater tha2Bhexpectation of 4.187 if what
was originally a set of 2BL-distributed values has beenegitmiformly increased or decreased by
a sufficiently large proportion.
*** Table 1 about here ***

The last three rows of Table 1 illustrate that 2BL means leas the 2BL expectation can
occur if changes away from the original 2BL distribution ocm a nonuniform way.

Next consider a simulation in which votes are manipulatatundormly. To simulate vote
counts for a pair of candidates, | apply a mechanism used lvakie (2007c). For a set of
precincts indexed by compute a set of uncorrelated bivariate normal pseudoramdimbers

(denoted z;, y;)) and a set of numbers uniformly distributed on the interwaif zero to one



(denoted,):

([L’Z‘, yz) ~ N(,Uvq,w Hy; Og, Uy)

’I“ZNU(O,l)

The parameterg, andy, denote the means aefandy, ando, ando, denote their variances. The

(x;,y;) values are used to generate proportions of support for eaatidate in precinct

- exp(7;)
Pai exp(z;) +exp(y;) + 1
€XPlY;
Pyi = ( )

exp(z;) +exp(y;) +1°

Thep,; andp,,; values are the proportions of voters in precinatho vote, respectively, for each
candidate. Notice that,; + p,; < 1: the mechanism accommodates ballots that lack a vote for
either candidate. To get the number of votes for each catevda fix a maximum number of
potential votes in each precinct, denoted so that| M/r; | corresponds to the number of ballots

cast in precinct. The simulated counts of votes for the candidates are

Zyi = LMsz;mJ

Zyi = [ Mripyi] .

| simulate counts for pairs of candidates with= 2500 and, successively,

N € {500, 1000, 2000}.2 The manipulations consist of a fixed numkfeil of votes being added
to one candidate’s total in each precinct and subtracted the precinct totals of the other
candidate; if the number subtracted from the “donor” caatticexceeds the count originally
simulated for that candidate, then zero is assigned forctnadidate’s vote in that instance. |
simulate switching for proportiong € {0, .05, .1, .15, .2,.25,.3,.35, 4, .45, .5}.

Table 2 shows that the second-digit means for these sinalates sometimes exceed but

2The other simulation parameters are set at values: 1.25, u,, = 1.0; o, = 1.25, 0, = 1.5.
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mostly are smaller than the 2BL expected value. The top paneatable shows the simple
difference between the second-digit means and the 2BL éxgealue 4.187, averaged over the
replications. The bottom part of the table shavw&atistics produced by dividing these
differences by the standard deviation of the means acrpsisagons. For the “receiver”
candidate the second-digit means are significantly less4HB7 for switching proportions
fe{2.25.3,.35,.4,.45}. Interestingly, forf = .5 the “receiver” candidate’s second-digit
means are significantly greater than 4.187. Differencethifdonor”’ candidate are not
significant in the set of simulation conditions reportedeher

*** Table 2 about here ***

Votes and Turnout in Ohio 2004

Several well-known manipulations attempted in Ohio dutimg2004 presidential election
involved voter turnout. First, Ohio Secretary of State KeadBwell attempted to suppress
turnout by imposing unreasonable and illegal requiremente kind of paper to be used for
voter registration forms (House Judiciary Committee Deratic Staff 2005). Second, inadequate
provision of voting machines produced great delays in ypahmany polling places that deterred
many people from voting (e.g. Mebane 2005). Whether thedatioblem reflected intentional
efforts to reduce turnout is not clear, but the fact thatdutrwas reduced is not in dispute. Table
3 reproduces a display from Mebane and Herron (2005) thatshanout to be strongly affected
by the number of voting machines per registered voter in gaetinct, particularly in counties
that used direct record electronic (DRE) or punchcard nmashi

*** Table 3 about here ***

The table reports coefficients from estimating a set of robusrdispersed multinomial
regression models. To assess whether precincts that hadalrevels of turnout also had
unusual vote distributions, | use a function of the weightgpced as part of the robust
estimation algorithm as a regressor in a linear regressmatehfor the second digits of the vote

counts recorded for John Kerry and for George W. Bush. Thesghts vary from zero to one,



and they are smaller when the turnout in a precinct is higldgegant from the value expected
given the regressors and coefficients shown in Table 3. ABtitaote in the table indicates,
overall there are 61 precincts that are outliers, which ra¢la@ weights for those precincts are
zero. Other precincts have weights that are greater thaneistill less than one. Denoting the
weights byw;, the regressor | use in the model for the second digits of tie eounts is

X; =1 — w;. If the coefficient for this variable is significantly difiemt from zero, the suggestion
is that unusual turnout is associated with unusual votéstédaat least one of the candidates.

Table 4, which reports the regression results, shows tretail/the precincts in Ohio, the
second digit mean when turnout is not unusual relative tortbdels of Table 3 (i.e., where
w; = 1) differs slightly but significantly from the 2BL expectediva. The intercepts in both the
model for Bush and the model for Kerry are significantly gee#lhan 4.187. In the model for
Bush but not in the model for Kerry, the coefficient for the w; variable is significantly
negative. The 95% confidence interval for the mean of therskdmit in Bush vote counts when
w; = 01s (3.45, 3.96), which is strictly less than the 2BL expected value.

*** Table 4 about here ***

This significant result for Bush lines up with the result foe t‘Receiver” candidate in the
simulation exercise reported in Table 2. The suggestidmaisthe substantial turnout
manipulations in Ohio in 2004 favored Bush. The fact thatstheond-digit means for both Bush
and Kerry exceed the 2BL expected value in precincts thahdidhave unusual turnout relative to
the Table 3 models also has an important implication. Theltesf Table 1 suggest that such an
elevation in the second-digit means is a symptom of a retiniform shift in all the vote
counts. Because voting machine shortages and other adativstailures in Ohio in 2004
reduced turnout relatively equally among both DemocratsRepublicans (Mebane and Herron
2005; Voting Rights Institute 2005, Section Ill), such atilely uniform shift is more likely a
prevalent reduction in the number of votes for each candittetn a general pattern of increases.
So we might conclude that while overall votes were lost imailgir, relatively uniform manner

for both candidates, Bush gained votes in those precinctsemarnout was unusual relative to



expectations based on the provision of voting machines espbption of the precinct’s

population that was African-American.

Votes and Manipulationsin Russia 2004

Elections in Russia have long been suspect. Based on afdgsised on aberrant patterns in
voter turnout, Myagkov and Ordeshook (2008) argue thanduhe past 15 years “falsifications
in the form of stuffed ballot boxes and artificially augmehéection counts” have become
prevalent throughout the country (see also Myagkov, Om@shand Shaikin forthcoming). The
OSCE identified serious problems in the 2004 election (OS@Eefor Democratic Institutions
and Human Rights 2004), and by 2008 problems had become sredbat international observer
groups declined to observe the election (OSCE Office for Deati Institutions and Human
Rights 2008). Kalinin (2008) demonstrates several sigaiticlistortions in votes reported for the
2004 and 2008 presidential elections.

Here | reexamine a few of the hypotheses Kalinin suggeststdtaud in Russian elections,

using data from the 2004 presidential election. The 200etiele ultimately included six
candidates, nominally representing six political partiesoalitions: Vladimir Vladimirovich
Putin (United Russia); Nikolaj Mihajlovich Haritonov (Cenunist, Agrarian); Irina Mucuovna
Hakamada (Union of Right); Oleg Aleksandrovich MalyshHirberal Democratic); Sergej
Mihajlovich Mironov (Life); and Sergej YUr’evich Glaz’eWRodina). In 2004 ballots also offered
the option of voting to reject all the candidates, with a cledabeledProtiv vseh (Against all).
My analysis is based on vote counts reported at the levellbhgstations or UIKs (UIK is
uchastkovaya izbiratelnaya komissiya).® The data include counts from 95,426 UIKs, covering
2,755 territories and 89 regions.

Vladimir Putin was universally recognized to have an exgbnstrong position in the

election, both because of his high popularity and becauseihteolled the apparatus

3pData were downloaded on February 16, 2008, from the webidite€entral Election Commission of the Russian
Federationht t p: / / ww\. vybory. i zbi rkom ru/ regi on/i zbi rkom



administering the election. Of the hypotheses that Ka{a008) proposes regarding the means
by which frauds may have been perpetrated in the electiamgider three: H1, artificially
elevated voter turnout (the phony votes supposedly goifutm); H4, excess numbers of invalid
or lost votes (votes for opponents to Putin supposedly bgpoged); H5, excess numbers of
absentee certificates (certificates supposedly beingdage also used to force voters to cast
coerced votes for Putin). The data | use to measure the kegbles the hypotheses involve vary
slightly from the implementations used by Kalinin (2008ptal turnout | measure using the
number of nonabsentee valid ballots at each UIK. The inltaBtiballot count is the number of
invalid or lost ballots. The residual category—nonvoteliidis—is the number of eligible voters
at each UIK minus the total of nonabsentee valid ballots jivalid or lost ballots plus absentee
certificates.

There is a question whether electoral manipulations wegarozed at the level of regional or
territorial election commissions. To investigate this, amalytical strategy is to start by
estimating four-category robust overdispersed multimdmiodels separately for the set of
regional totals and the set of territorial totals. The foategories are nonabsentee valid ballots,
invalid or lost ballots, absentee certificates and nonvbtldts. In these models the only
regressors are the intercepts for each category, so ayifi@ny, will be regions or territories that
have proportions in a category that are far greater or fatlenthan the generally prevailing rate.
Table 5 reports the estimates for these intercept parasnatanrg with the number of zero weights
estimating the model produces. Note that with four categaof counts, a single observation may
include up to three zero weights. Table 6 shows the breakdgvaategory not only of the
numbers of zero weights but also the numbers of weights lessdne. Measured in regions or
territories, the greatest number both of outliers and ofm@eighted counts occur for the H5
(absentee certificates) category. The H1 (nonabsentekballots) category has the next highest
number, and the H4 (invalid or lost votes) category has these In terms of the number of
UIKs in the unusual regions or territories, however, the ldtegory has by far the largest number

of unusual observations (e.g., more than 20,000 UIKs inexuttgions or outlier territories), with



the H5 category second largest. With one exception—oneeatettiitory outliers for the
nonabsentee valid ballots counts—all of the outliers spoad to counts greater than expected
according to the generally prevailing rates.

*** Tables 5 and Table 6 about here ***

The next step is to regress the second digits of the UIK-levt counts for each candidate
(and Against All) on region and territory regressors defiasd,; = 1 — wy; wherewy,; is the
weight for categoryh € {H1, H4, H5} for the region or territory that include the UIK indexed by
1. Before considering these regression results, it is wdrtlewo take a quick look at the raw
relationship between the UIK-level turnout, invalid andaibteee proportions and both the raw
vote counts and the vote proportions for each candidatewr&sgl and 2 respectively show these
relationships for candidates Putin and Haritonov. Thetegalbt in each subfigure displays a one
percent random sample of the full set of UIKs, while the limaveh in each figure represents the
linear least squares regression line estimated usingealltKs. In Figure 1 the vote proportions
for Putin show a strong pattern of increase as the turnowdlicthand absenteee proportions
increase, but no such pattern is apparent among Putin’satawcoeunts. The picture for
Haritonov, in Figure 2, also shows increases in the votegtams, although the relationships are
less steep than the ones observed for Putin. The raw votescfaurHaritonov are if anything
more negatively associated than Putin’s are with the turmiovalid and absenteee proportions.
Such plots suggest Putin’s support tends to increase maneotiher candidates’ support with
increases in the turnout, invalid and absenteee propattaithough of course such relationships
of themselves are in no way diagnostic of anomalies or fralide relationships with the raw
vote counts are not readily interpretable, but they arewieeping in mind given our focus on
regressions in which the dependent variable is the secgndisant digit in each of these counts.

*** Eigure 1 and Figure 2 about here ***

Table 7 shows an example of the second-digit regressiottse3ine dependent variable in

this example is the second digit of the UIK vote counts foiifPuEhe second digit mean when

turnout is not unusual is slightly but significantly lessrilthe 2BL expected value. In light of the



simulation results reported in Table 2, this suggests tAer@onuniform but pervasive distortions
in the vote counts for Putin. All three of the coefficients tloe region-levelX,,; variables are
significant, while only one of the coefficients for a territdevel X,,; variable is (marginally)
significant. This suggests that regions that have outlyamglk of turnout exhibit especially
distorted Putin vote totals but outlying territories do.ndere, however, it is important to notice
that the regionak ; coefficient is positive while the regional,; and X 5, coefficients are
negative. Plus th& ;;,; coefficient is an order of magnitude smaller than the other tdence if
we considers the mean second digit in UIKs that haye= 0, the mean whewy,; = 0 is closer
to the 2BL expected value (although still significantly siag| while the mean whewy,; = 0 or
wps; = 0 is even smaller than the overall mean is.

*** Table 7 about here ***

Figures 3 through 9 present the second-digit regressiattsdsr all of the candidates in
graphical form. Figure 3 plots the point estimates for thercept parameters for each candidate,
with lines to show the 95% confidence interval for each edemall but the estimate for the
Against All (None in the figure) category are significantlgdehan the 2BL expected value of
4.187 (indicated with a vertical line in the figure).

*** Figures 3 about here ***

Figure 4 shows the coefficient point estimates and 95% carfelatervals for theXy;
(turnout) regressors. The regional coefficients for Putith f@r Malyshkin are significantly
positive, and the region coefficient for Mironov and bothftioeents for Against All (None) are
significantly negative. It is perhaps intuitive that in r@gs and territories with outlying turnout
levels the counts for the Against All alternative are ditdr Figure 5 shows the point estimates
and 95% confidence intervals for the mean of the second dig&ch candidate’s vote counts
whenwy; = 0; these intervals are all strictly less than the 2BL expeutdde.

*** Figure 4 and Figure 5 about here ***
Figure 6 shows that the coefficient estimates for the redidna, (invalid/lost) regressors are

significantly positive for Putin and Hakamada and signifibgpositive for Mironov and Against
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All (None). None of the territorial coefficients are sign#md. Figure 7 shows that the mean of the
candidate vote count second digits when the regional = 0 is significantly less than the 2BL
expected value for the first four candidates and signifigagréater than the expected value for
Mironov and Against All (None). The mean is significantlyde¢ban the 2BL expected value
when the territoriatvy4; = 0 only for Haritonov and Mironov.

*** Eigure 6 and Figure 7 about here ***

Figure 8 shows that the coefficient estimates for the redidng; (absentee) regressors are
significantly negative for all the candidates except Makyshwhile none of the territoriak s,
coefficients are significant. Figure 9 shows that the meahefdte count second digits when the
regionalwy,; = 0 is significantly less than the 2BL expected value is signifilyeess than the
expected value for all the candidates except Malyshkin.

*** Figure 8 and Figure 9 about here ***

For two of the three classes of possible manipulations tipetmgeses focus on, the distribution
of votes (not second digits) in categories defined by theeswtleightsw;,; supports a conclusion
that the manipulations did help Putin and harm the otheridates. Table 8 reports the
proportion of votes for each candidate among sets of UIKsddfby eitherv,; = 1 or wy; = 0.

For H1 and H4, Putin’s vote proportions are much larger wihgn= 0 than whenw;; = 1, while
for most of the other candidates—and in particular for then@wnist party candidate
Haritonov—the vote proportions are smaller whep = 0. This pattern does not hold for H5.

*** Table 8 about here ***

Conclusion

Combining robust count model estimation with second-desgting in relation to the 2BL
distribution produces suggestive results worthy of furtheestigation. For Ohio 2004, an
examination of aberrations related to voter turnout suiggbsat against a background of
pervasive distortion in the vote counts for both Bush andy@xtremes in unusual turnout were

associated with advantages for Bush. For Russia 2004, Higsissuggests advantages for Putin
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related to both unusual turnout and excessive numbers alidhend lost ballots. Findings

relating to possible manipulation via absentee certifscate more complicated. For both
elections, the kind of election forensic testing illustihhere match allegations supported by both
contemporaneous observers and other forms of analysis.

A principal direction for further development of the metsddlemselves is to investigate
further the relationship between second-digit means attdrpa of shifts in votes. Whether the
second-digit mean is greater or smaller than the 2BL exfdactkie does not so far appear to be
strongly connected to whether votes have been artificiatlygased or decreased, but this is a

matter for further research.
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digit order
0123456789
1234567890
2345678901
3456789012
4567890123
5678901234
6789012345
7890123456
8901234567
9012345678

0123456788
0123456778
0123456777

Notes: For digitsi; in the displayed ordering= 0, ..., 9, and 2BL probabilitieg;, the

Table 1: Effect of Shifting Second Digits on 2BL Digit Means

2BL mean
4,187390
4.337416
4.461716
4.558196
4.624448
4.657676
4.654594
4.611298
4,523083
4.384182

4.102392
4.014822
3.929825

displayed 2BL mean iy_"_ d;q;.



Table 2: Simulated Vote Switching: Observed Mean vs. 2BL Mea
Second-digit Mean Minus 4.187

Receiver (cand. 1) Donor (cand. 2)
fraction 500 1000 2000 500 1000 2000
0 -06 —-.07 —.07 —-06 —.07 —.06
0.05 .01 .01 .01 —-.07 —.07 —.06
0.1 .05 .04 .04 —.07 —.06 —.06
0.15 —-.06 —.07 —.07 —.07 —.07 —.08
0.2 -33 =32 -.32 —-.14 —-12 —-.10
0.25 -20 —-19 —-.20 —-12 —-14 —-.13
0.3 —-.22 =22 =123 —-.14 —-13 —-.13
0.35 —-43 —-44 —43 —.12 —-13 —-.12
0.4 -93 —-94 -9 —.03 —.09 —-.05
0.45 -35 =34 -.33 00 .02 .01
0.5 A7 A7 18 .09 .09 .10
t-statistic

Receiver (cand. 1) Donor (cand. 2)

fraction 500 1000 2000 500 1000 2000
0 -05 —-08 -—-1.1 -0.5 —-0.7 —-1.0
0.05 0.1 0.1 0.2 —-0.5 —-0.6 -0.8
0.1 0.4 0.4 0.6 —-04 -06 -0.7
0.15 -04 =07 -—1.2 —-04 —-06 -0.9
0.2 —25 =35 —438 -0.7 —-08 -1.0
0.25 -1.5 =23 =33 -06 —-09 -1.3
0.3 —-1.7 =26 —3.6 —-0.6 —-08 -—-1.0
0.35 -32 —48 —6.8 -04 -0.7 —-0.9
0.4 -70 -—-11.3 —-144 —-0.1 —-04 -0.3
0.45 -32 —-43 —56 0.0 0.1 0.1
0.5 1.5 2.3 3.4 0.2 0.3 0.5

Notes: Simulated second-digit mean minus the 2BL expecaee\vt.187, averaged over 250
Monte Carlo replications. Fraction denotes the propomtibvotes shifted from the donor
candidate to the receiver candidate. The top number in edama shows the number of
precincts used in the referent simulation.



Table 3: Voter Turnout: Machine Technology, Machines pete¥and Precinct Racial Composi-
tion Regressors

DRE Punchcard
Variable Coef. SE  t-ratio Coef. SE  t-ratio
(Intercept) 0.26 0.0318 8.17 0.754 0.0221 34.1
Machines per Registered Voter 74.60  7.0100 10.60 38.600 2.6900 14.3
Proportion African American  —0.98  0.0438 —22.40 —0.851 0.0380 —22.4
Optical Central Cuyahoga
Variable Coef. SE  t-ratio Coef. SE  t-ratio
(Intercept) 0.976  0.0432 22.60 0.630 0.0289 21.80
Machines per Registered Voter23.500  6.3300 3.71 —10.100 3.2100 —3.13
Proportion African American —0.689  0.0545 —12.70 —0.371 0.0201 —18.50
Optical Precinct Hamilton
Variable Coef. SE  t-ratio Coef. SE  t-ratio
(Intercept) 0.783  0.0976  8.020 0.212  0.167 1.27
Machines per Registered Voter-5.770 14.3000 —0.402 117.000 17.500 6.67
Proportion African American —2.360  0.2630 —8.940 —0.610  0.044 —13.90

Notes: Robustthnh) overdispersed binomial regression estimates. For eaadinat or ward, the
dependent variable counts the number of registered vobéirsgwersus the number of registered
voters not voting. DRE precincts: LOD = 4.82;tanh o = 4.66;n = 1, 535; 7 outliers. Optical
Central precincts: LQD = 3.91;tanh o0 = 3.92;n = 807; 6 outliers. Optical Precinct precincts:
LQD ¢ = 3.08;tanh o = 3.11;n = 139; 1 outlier. Punchcard precincts: LQD= 4.51;tanh

o =4.26;n = 5,478; 28 outliers. Cuyahoga precincts: LQD= 3.67;tanh 0 = 3.53;

n = 1,411; 15 outliers. Hamilton precincts: LQB = 4.14;tanh o0 = 4.10;n = 979; 4 outliers.
Punchcard precincts exclude Cuyahoga and Hamilton prtscinc

Table 4: Candidate Vote Second Digits Regressed on VoteroliWeights, Ohio 2004

Bush Kerry
Variable Coef. SE t-ratio Coef. SE t-ratio
(Intercept) 4.360 0.0291 149.6 4.410 0.0287 153.6

One Minus Turnout Weight —0.649 0.2260 —2.9 0.134 0.2220 0.6

Notes: Ordinary least squares regression estimates. Ebipeacinct or ward, the dependent
variable is the second significant digit of the respectivedtdate’s vote count. Bush: RMSE
2.87;n = 10, 240. Kerry: RMSE= 2.84;n = 10, 336.



Table 5: Ballots in the 2004 Russian Presidential Election

Regions Territories
Category Coef. SE t-ratio Coef. SE  t-ratio
Nonabsentee Valid Ballots (H1)—4.04  0.057 —70.9 —4.12  0.0147 —281
Invalid or Lost Ballots (H4) 0.373 0.0178 21.0 0.397 0.00479 82.9
Absentee Certificates (H5) —4.21 0.0475 —88.6 —4.23  0.0137 —308

Nonvoted Ballots — — — — — _

Notes: Robustthnh) overdispersed binomial regression estimates. The dependriable is the
count for each category in each UIK. The only regressor imibdel is the intercept for each
category, estimates for which appear in the table, with ldtew Ballots being the reference
category. Regions: LQD = 53.8;tanh 0 = 46.5;n = 89; 20 zero weights. Territories: LQD
o =13.6;tanh o = 11.7;n = 2, 755; 648 zero weights.

Table 6: Russia 2004 Outlier Weight Statistics

Regions
Regions Included UIKs
weights H1 H4 HS H1 H4 HS
w <1 2 1 42 28,547 2,921 2,559
w =10 1 O 19 23,892 0 3,214

Territories
Territories Included UIKs
weights H1 H4 H5 H1 H4 H5
w<1l 157 69 1,425 29,777 2,670 3,837
w=0 42 4 602 20,264 146 1,358

Notes:w denoteganh weights from the four-category robust overdispersed maitiial model
for constant proportions (intercept only). < 1 if the absolute studentized residue|l > 1.88,
w=0if |r| > 4.



Table 7: Russia 2004, Putin Vote Counts’ Second-digit Resjoe Estimates
Category Coef. SE t-ratio

(Intercept) 4.0816 .015 279.3
X1 Region 0.0666 .023 2.9
Xy Territory  0.0454  .023 1.9
Xpy4 Region  —0.6166 .205 —3.0
Xpy Territory  0.0568 .137 0.4
Xpys Region  —0.5260 .054 —9.8
Xpys Territory  0.0374 .065 0.6

Notes: Ordinary least squares regression estimates. Tendent variable is the second
significant digit in the vote count for Putin in each UIK. RMSE2.92;n = 95, 129.

Table 8: Russia 2004, Vote Proportions by Outlier WeigheGaties

Region Weight Categories
H1 H4 H5
Candidate w=1 w=0 w=1 w=0 w=1 w=0
Putin A11 .612 452 — 459 410
Haritonov .083 .082 .089 — .091 .044
Hakamada .027 .020 .025 — .023 .049
Malyshkin 012 013 013 — 014 .007
Mironov .005 .005 .005 — .005 .004
Glaz'ev 027 027 027 — .026 .038
Against All .024 .020 .023 — 021 .039
Territory Weight Categories
H1 H4 H5
Candidate w=1 w=0 w=1 w=0 w=1 w=0
Putin 441 .b32 A57 497 458 440
Haritonov .089 .088 .089 .037 .089 075
Hakamada .026 .022 .025 .036 .025 .029
Malyshkin 013 013 013 .007 013 011
Mironov 005 .005 005  .003 005  .004
Glaz'ev .028 .022 027 .028 .026 .031
Against All .023 .020 .022 .025 .022 .025

Notes: Number of votes for each candidate in each categuiyedi by the number of eligible
voters.
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Figure 3: Second-digit means (robust weight model), 200&ercept
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Figure 5: Second-digit means (robust weight model), 200dhdut outliers



H4 region H4 territory

Putin —— Putin —_——
Harito. —e—é- Harito. —e—é—
Hakam. —e— E Hakam. é
Malys. —6—5— Malys. %“
Mirono. E —e— Mirono. :
Glaz'ev —%9— Glaz'ev ME
None | E—e—l | None | : : |
-1.684 1.748 5.18 -0.554 0.186 0.926
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