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1 Introduction

During the last 15 years, the (aggregate) analysis of electoral turnoutin liberal democracies has

become a minor industry. A recent survey of the relevant literature (Geys, 2006) lists not fewer

than 83 empirical studies that relate turnout to a plethora of institutional, politicaland social

factors. Amongst these, population size, the closeness of the respective contest, and (a rather

less surprising finding) compulsory voting emerge as the most important independent variables.

Michael Lister’s (2007) recent article in this journal is a valuable addition to this discussion,

because by focusing on social inequality, he draws our attention to a wholehost of societal

factors that have by and large been neglected so far. Moreover, Lister’s contribution is one of

the few studies that analyses turnout over time and in a cross-national perspective, whereas the

majority of the analyses looks at subnational units, often in a cross-sectional perspective.

There are, however, a number of methodological and substantive issues with Lister’s analysis

that call the validity of his findings into question: First, Lister’s account of causal relationships is

highly problematic, second, the methodology is not appropriate given the lowand unequal num-

ber of elections per year, third, most variables in the model are constant or near-constant within

countries, and forth, even if there is a statistically significant relationship between inequality and

turnout, it is trivial. In what follows, I will address these points in turn.

2 Is there an effect of inequality on turnout?

2.1 Causality

Lister’s central argument is that the institutions of the welfare state shape citizens’ expectations

(or norms) and thereby their political behaviour (Lister, 2007, 25). More specifically, he argues

that welfare state institutions which are based on universalist principles provide ‘more support

for norms of solidarity’ (Lister, 2007, 25). These norms encourage electoral participation both

directly and indirectly. Means-tested welfare programs, on the other hand, have opposite effects

(Lister, 2007, 25). Building onColeman’s (1994, 7) framework for sociological explanation, his
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Figure 1: Observed and unobserved variables and relationships in the causal chain

argument can be reconstructed in a slightly simplified way by employing three causal statements

(see Figure1):

(a) Features of the welfare state (a macro-level variable) affect internalised norms and expec-

tations, i.e. individual attitudes.

(b) These individual attitudes have an impact on an individual’s decision to participate in a

national election

(c) These individual decisions constitute turnout, another macro-level variable

Amongst these, only the third statement is unproblematic since it involves a purely mechanical

aggregation (given that in liberal democracies, people are normally not prevented from voting

in any systematic way). Statements (a) and (b) on the other hand are rather bold claims about

the consequences and antecedents of individual variables which can never be proven right or

wrong on the basis of macro-data. Ever sinceRobinson(1950) published his famous paper on

ecological correlation, social scientists have struggled with the problem ofecological fallacies,

i.e. the impossibility of deriving valid conclusions about individual behaviour from the aggregate

measures.

Even the most advanced statistical techniques in the field that aim at making probabilistic

statements about the likely strength of relationships between micro-level variables (say race and
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voting in a two-party competition, seeKing 1997) rely on information aboutthe distribution of

micro-level variables on the macro-level. In the absence of such information on the distribution

of individual norms and expectations, nothing can be said about the validityof statements (a)

and (b). Moreover, the analysis presented inLister relies on another unobserved relationship,

namely the causal connection between the institutions of the welfare state and inequality be-

tween households (d). While the nature of the welfare state’s institutions at any given pointt

(‘universalistic’ vs. ‘liberal’ or ‘minimal’ arrangements) will arguably have a substantial effect

on inequality between households att, it will hardly completely determine the current level of

inequality. Rather, a whole host of other factors including the global and the national economy,

the system and level of taxation, the previous level of inequality at pointst − 1, t − 2, . . . as well

as the previous nature of welfare state institutions and all sorts of unintended consequences and

side-effects of previous policy will affect the current level of inequality, making this a rather

crude measure of welfare state arrangements. Finally, over and above serving as an indicator for

welfare state arrangements, inequality in itself can easily have a positive or anegative impact on

one’s internalised norms and attitudes, thereby either masking or exaggerating the importance

of causal effects that work along path (a). On the one hand, very low and falling levels of in-

equality (which are presumably associated with very high tax rates) could encourage the parties

of the centre and the right to mobilise the middle classes, which wouldceteris paribus lead to

an increase in turnout. On the other hand, a high level of inequality would provide the working

class with an incentive to vote in order to achieve a more comprehensive welfare state – this is

the logic of the ‘democratic class struggle’ (Anderson and Davidson, 1943).1

To summarise, while Lister’s article builds on a complex framework involving three aggregate

and two micro-level variables, claims about three causal relationships which are crucial for the

argument and a fourth which can potentially distort the results are not and cannot be backed by

data. Therefore, any conclusions from the analysis are confined to claims about the relationship

between inequality and turnout on the aggregate level (i.e. ‘polities which face a high level of

1One could even argue that causality works the other way around: a constantly high level of turnout (which is
indicative of a mobilised working class) forces the government to maintaina high level of welfare state protection.
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inequality will ceteris paribus experience a high/lower turnout than those with a more egalitarian

distribution of resources’).

2.2 Data and Modelling

2.2.1 Data

The analysis presented byLister relies chiefly on a single source which is in the public domain:

the ‘Comparative Welfare States Data Set’ (Huberet al., 2004) that compiles information for

18 countries from a variety of sources, covering the time-span from 1960-2000. This data set

provides information on turnout (VTURN, drawn fromMackie and Rose 1982and the reports in

the European Journal of Political Research) as well as on a number of control variables such as a

(chain) index of GDP per capita (RGDPC), the strength of bicameralism (STRBIC), the presence

and strength of federalism (FED),2 the proportionality of the electoral system (SINGMEMD),

and whether the respective country has a presidential system (PRES).These are merged with

information on the focal independent variable income inequality (INEQ), which comes from the

University of Texas Inequality Project(2004), and a report on compulsory voting (COMPVOTE)

which was compiled by IDEA (Gratschew, 2001).

While Lister dismisses welfare state spending data very quickly, comparing income inequal-

ity across time and countries is full of pitfalls (Atkinson and Brandolini, 2000). There is no

discussion of the quality and particular features of the data from theUniversity of Texas In-

equality Projectwhatsoever, and alternative data sources such as the Luxembourg Income Study

(Atkinson, 2004) that might well be better suited for the research problem at hand are noteven

considered.

More generally relying on data sets in the public domain has clear advantagesin terms of

2Information on federalism, bicameralism and presidentialism is drawn from Lijphart (1984, 1999), although there
is an inconsistency in the data set:Lijphart (1999, 189) codes federalism with integers ranging from ‘1’ (unitary
states with no elements of de-centralisation) to ‘5’ (strong federal arrangements). InHuberet al. (2004), this scale
reduced to just three integers (0-2= no/weak/strong federalism) in a not entirely transparent way. Particularly
confusing is the case of Belgium, which is coded as ‘0’ until 1993 althoughit is assigned a value of ‘3’ by
Lijphart (1999).
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Variable β x̄ β × x̄

C −2.449 1.000 −2.449

COMPVOTE 0.216 0.225 0.077

SINGMEMD −0.004 0.574 −0.002

FED −0.031 0.527 −0.017

PRES −0.126 0.155 −0.020

STRBIC 0.115 0.698 0.081

RGDPC −4.060×10−6 1.559×104
−0.063

INEQ −0.015 33.373 −0.517

VTURNLAG 0.055 83.054 4.551

∑

1.613

Table 1: Mean turnout rate implied by Lister’s model

availability and replication, yet it imposes equally clear restrictions on the selection of observa-

tions and the time-frame (1963-93), which are not addressed in the text. This notwithstanding, it

would have been helpful to discuss the rationale for not including Norwayand New Zealand in

the analysis, although these countries are covered by the sources, since the inclusion/exclusion

of a single country can substantially affect the results of the regression model (see section2.2.3

below).3

To replicateLister’s findings as closely as possible, a data set (available fromhdl:1902.1/10558

UNF:3:2UNq+CMPvmjb7Aat9NvpKw==) was constructed in the following way: from the

Comparative Welfare States Data Set, the 15 countries under study were selected. For those,

all election years between 1963 and 1993 were retained (averaging over the 1974/1982 elec-

tions for the UK and Ireland), resulting in 136 observations with non-missingvalues for turnout,

federalism, presidentialism, bicameralism, and GDP per capita.

Best efforts notwithstanding, it proved impossible to reproduce Lister’s findings exactly, al-

though the differences are fairly small.4 More troubling is the fact that at first glance, the coef-

3Moreover, the measure for the proportionality of the electoral system (SINGMEMD) (which is apparentlynot
drawn from Powell’s (1986) seminal paper but rather fromLijphart (1984, 1999)) is a static index, while there
is now ample evidence that proportionality is best understood as the resultof the dynamic interaction between
electoral rules on the one hand and the fragmentation and spatial distribution of party support on the other hand
(see e.g.Gallagher 1991. At any rate, it is unlikely that an index will have a linear effect. Like federalism and
bicameralism, it should probably be replaced by a series of dummy variables.

4First, including a lagged dependent variable (turnout at pointt− 1) would normally imply that the first wave of the
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ficients reported by Lister do not seem to sum up. If one plugs in the mean values5 for all the

independent variables, the expected turnout is a staggering 161 per cent (see Table1). However,

the magnitude of the coefficients and the constant reveals that the author has converted turnout6

from its original percentage scale to a relative frequency scale and thenapplied a logit transfor-

mation to the new variable to account for the fact that the dependent variable is bound to the

interval [0;100].7

Accordingly, lagged turnout (VTURNLAG) was constructed by taking theturnout from the

previous election forall election years as outlined in footnote4 while LOGITVTURN was

constructed as ln
(

TURNOUT/100
1−(TURNOUT/100)

)

. Then, a variable was created that reflects Bingham Powell’s

assessment of the proportionality of each electoral systems.8 Information on compulsory voting

is a dummy variable which takes the value ‘1’ for Australia, Belgium, and Italy and ‘0’ for

all other countries. Finally, information on inequality from theUniversity of Texas Inequality

Project(2004) was matched to the data set. Since this information is missing for four French,

one Italian and two British election years, the number of observations is further reduced to 129

observations.

2.2.2 Inappropriate Methodology

The data constitute a Time-Series-Cross-Sectional (TSCS) or panel arrangement: (very short)

time series fromn = 15 countries are pooled and analysed jointly. In political science, this

panel is lost, but here it is possible to retain the first wave since turnout was recorded for the elections preceding
the cut-off year of 1963. Second, the data on compulsory voting (Gratschew, 2001) are somewhat ambiguous
with regard to Austria, the Netherlands, and Italy. Finally, the UK (1974) and Ireland (1982) held two general
elections in a single year, and various solutions for dealing with this problem are conceivable.

5Calculated for those 129 election years for which complete information is available and treating Australia, Bel-
gium, and Italy as having compulsory voting.

6Apparently, no such transformation was applied to the lagged dependentvariable.
7In practice, the predicted values are well-behaved even without the transformation, and predictions based on the

original and the transformed values are extremely highly correlated (r = 0.99). Whatever the transformation’s
utility, while a discussion of the procedure and the rationale for its application could be relegated to an appendix,
the fact that the variable was transformed should be mentioned in the article.

8Bingham Powell’s index refers to Frenchpresidential elections and classifies them as very proportional, which
seems rather odd. Nonetheless, the coding scheme discussed byLister (2007, 30) suggests that this variable was
used in the original analysis. My replication data set also includes the alternative variable provided byHuber
et al. (2004), but the substantive conclusions are the same, regardless of which operationalisation is chosen.
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design became extremely popular afterBeck and Katz(1995, 1996) suggested that the familiar

Ordinary Least Squares (OLS) estimator can be applied to this specific datastructure as long

as the standard errors are ‘panel corrected’ (PCSE) to account for the dependencies amongst

observations.

FollowingBeck and Katz(1995, 636), a generic TSCS model can be written as

yi,t = xi,tβ + εi,t with i = 1, . . . ,N; t = 1, . . . ,T (1)

wherey is the dependent variable,x is a vector of independent variables (including the constant),

ε is a random error term, and observations are indexed by unit/country (i) and time (t). With

TSCS data, the standard assumptions of regression analysis are likely to beviolated as one

would expect theε to be ‘non-spherical’ that is, contemporaneously correlated, heteroscedastic,

and serially correlated (Beck and Katz, 1995, 636), rendering ‘raw’ standard errors invalid and

thereby giving rise to confidence intervals that are too narrow and significance tests that are too

generous.9

(Positive) contemporaneous correlation, which is a consequence of unobserved factors in-

creasing or decreasing turnout in several countries at the same time, cannot be ruled out com-

pletely but is unlike to pose huge problems for the analysis since the unit of observation is the

national election.10 On the other hand, heteroscedasticity (the variance ofε is greater in country

i than in countryi + 1) is very likely to occur in the case of turnout: in countries where voting is

compulsory, the variance ofε is bound to be smaller than in other polities.

Finally, the presence of (positive) serial correlation (the impact of some unobserved factor

that affects turnout in countryi at timet will still be felt at t + 1 and possiblyt + 2, t + 3, . . . ) can

be taken for granted. Like most analysts of TSCS data, Lister follows the suggestions byBeck

9Non-spherical errors also render the parameter estimates inefficient, but this is usually considered a minor problem
(Beck and Katz, 1995, 636).

10While there are historical events like the oil price crises that might affect turnout in all countries in a given year,
it is not easy to conceive of an error process that affects say the second election in the period of study in each or
even most countries in the same way. Yet, such effects are not entirely implausible. For instance, in five countries,
the second election under study was held in the eventful year of 1968.
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and Katzand accounts for this problem by including the lagged dependent variable(LDV).

This leads, however, to an intricate complication. The length of the election period varies

both over time and across countries, e.g. it is fixed at four years in the US,comes empirically

very close to the same value in the UK and in Italy, and varies between one year and five years

in Canada (where there is a moderate upward trend in the duration of the election period). As

a consequence, the autocorrelation ofε will also vary across countries and over time. The ap-

proach chosen by Lister does not deal with this, and even if it did, estimatinga multitude of

autocorrelations poses obvious problems, especially given the lowN andT . While one could

hope that the inclusion of the LDV somehow ameliorates the situation, exactly the same prob-

lems apply to the coefficient for the LDV which should again vary with the length of the election

period. Therefore, any findings should be interpreted with extra caution.

Given the likely presence of heteroscedasticity and autocorrelation, applying the corrections

outlined byBeck and Katzseems to be a sensible strategy at first glance. However, the approach

by Beck and Katzwas developed forbalanced panels consisting of say 10 to 40 time periods

(Beck and Katz 1995, 640-642;Beck 2007, 97). In the data set compiled for this analysis,

T ≥ 10 in only six countries with a maximum of 13 in Denmark while the number of panel

waves is just 7 to 9 in five other countries and extremely low (4 to 6) in four other countries.

Under these conditions, PCSEs are not guaranteed to perform well (see Shoret al. 2007for a

review of the associated problems).

As a simple safeguard, a non-parametric bootstrapping procedure (Efron and Tibshirani,

1993) was applied, that is, 200 samples ofn = 129 were drawn from the original data set

(with replacement), and the analysis was repeated for each of these samples, thereby simulating

the process that generated the data. Since each of these samples is slightly different from the

others, the parameter estimates will vary, too. This variation generally provides a realistic ap-

proximation for the standard error in circumstances where the distributionalassumptions might

not hold. The results are shown in column 2 of Table2. Compared with the first column, the

t-values are substantially reduced, rendering all independent variables except compulsory voting

9



PCSE Bootstrap GEE

LOGITVTURN LOGITVTURN LOGITVTURN

(1) (2) (3)

COMPVOTE 0.427∗∗∗ 0.427∗ 0.360∗

(3.498) (2.223) (2.505)

SINGMEMD −0.005 −0.005 −0.021

(−0.156) (−0.109) (−0.545)

FED 0.036 0.036 0.022

(0.721) (0.631) (0.429)

PRES −0.122 −0.122 −0.095

(−1.488) (−1.208) (−1.268)

STRBIC 0.062 0.062 0.070

(1.557) (1.079) (1.586)

RGDPC −0.000 −0.000 −0.000

(−1.387) (−1.058) (−0.547)

INEQ −0.024∗ ∗ −0.024 −0.021

(−3.207) (−1.872) (−1.599)

VTURNLAG 0.056∗∗∗ 0.056∗∗∗ 0.059∗∗∗

(10.142) (7.145) (7.709)

Constant −2.130∗∗∗ −2.130∗ −2.516∗ ∗

(−3.326) (−2.262) (−2.674)

R2 0.882 0.882

n 129 129 129

* p<0.05, ** p<0.01, *** p<0.001.
Instead of standard errors, t-values are given in brackets to maximise the comparability with Lister’s findings. PCSE were estimated
using the xtpcse procedure in Stata 10 with the casewise option for the computation of the covariance matrix. The number of
replications for the bootstrap is 200. GEE estimates assume a first-order autoregressive process for the errors. GEE standard errors
are based on the ‘robust’ (Huber-White) estimate for the variance.

Table 2: A replication of Lister’s model with Panel Corrected and Bootstrapped standard errors
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and the LDV insignificant.

However, the unequal and rather lowT suggests an alternative robustness check with an es-

timator that does not rely on the time-series nature of the data. Amongst the host of estimators

available for panel data, Generalised Estimating Equation Models (GEE) have recently gained

prominence in political science because they can accommodate complex structures for the cor-

relation ofε and are fairly robust against misspecification (Zorn, 2001).11 As it turns out, this

method yields almost identical point estimates, and again, compulsory voting andthe LDV

emerge as the only variables with statistically significant effects (column 3). The upshot is that

the calculation of PCSE in Lister’s original analysis of the turnout data is notappropriate and

leads him to overconfident conclusions.

2.2.3 Unit Effects and Lack of Variation over Time

But there are even more fundamental issues with this analysis of turnout and inequality. First,

one must be sure that the units (countries)can be pooled, i.e. that (roughly) the same slope co-

efficient(s) prevail(s) in all countries. In the turnout data set, a rigorous check of this assumption

that would involve the estimation of country-specific models is impossible because the institu-

tional control variables are constant or almost constant within countries.12 Second, one must

check for the presence of unit effects, i.e. for country-specific intercepts.13 If units are pooled

and unit effects are not accounted for, massive bias can result. For instance, if some variable

x has a moderatelypositive effect ony within two countriesA andB, and the average value of

x is higher in countryB while the overall level ofy is higher in countryA, a coefficient with a

11Another panel estimator with desirable properties was proposed byArellano and Bond(1991). However, the
Arellano-Bond estimator involves first differences of the independent variables and can therefore not deal with
those regressors that are (almost) constant within panels. An Arellano-Bond regression of turnout on the dynamic
variables (GDP and inequality) is therefore not fully comparable to the results in Table2 but demonstrates again
that inequality has no significant effect (not shown as a table).

12In Sweden, STRBIC changes from ‘weak bicameralism’ to ‘no secondchamber or second chamber with very weak
powers’ after a constitutional reform in 1970.

13A wider definition of unit effects would include country-specific slopes and error variances, seeWilson and Butler
2007, 104.
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Figure 2: Inequality over time

negative sign might be estimated unless country-specific intercepts are included in the model.14

Unfortunately, it is not possible to test for unit effects since the institutional variables do not vary

within countries and are therefore perfectly collinear with the country-specific intercepts. More-

over, there are non-trivial linear dependencies between the independent variables: federalism

and bicameralism correlate atr = 0.41,15 the correlation between federalism and proportionality

is −0.4816 and even inequality and proportionality correlate at−0.44.

To make things worse, the focal independent variable is ‘sluggish’ (Beck, 2001; Wilson and

Butler, 2007; Plümper and Troeger, 2007), i.e. inequality varies a lotbetween countries but does

not vary muchwithin most countries (see Figure2). While there are marked upward trends

14See the figures inWilson and Butlerfor graphical examples. The inclusion of the LDV in the model does not
necessarily capture unit effects (Wilson and Butler, 2007, 107).

15Goodman and Kruskal’sγ = 0.53.
16γ = −0.64.
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in Australia, Belgium, and the UK, and some apparently random variation in the Netherlands,

inequality is largely stable elsewhere. Therefore, roughly 80 per cent of the total variation occurs

between countries.

In a similar fashion, the variation of turnout within most countries is very moderate if com-

pared to the variation between countries (see Figure3). Turnout is consistently close to 100

per cent in Australia and Belgium (where compulsory voting is enforced) and still very high

(i.e. above 80 per cent) in Austria, Denmark, Italy, and Sweden,17 whereas the figure for Japan

hovers consistently around 70 per cent, and turnout in the US is permanently below or just above

60 per cent. Across the whole sample, only about 10 per cent of the total variation in turnout (or

its transformation) occurs within countries while between-country differences account for the

lion’s share of the variation.

There are other issues here. Although the inclusion of the LDV was championed byBeck

and Katz, the LDV is likely to cause problems. Estimates will be biased even if the errors are

uncorrelated, and inconsistent in the presence of correlation amongst the errors (Ostrom, 1990,

62-65).18 There is a whole host of alternative dynamic specifications (Wilson and Butler, 2007,

106), and, asWilson and Butlerdemonstrate, these can give wildly different estimates in many

cases.

Yet, the most fundamental problem of the analysis at hand is this: like many (if not most)

other comparative data sets, the turnout data are plagued by collinearity and a lack of intra-

unit variation and are therefore not very informative (Western and Jackman, 1994).19 With

most of the variation in both the dependent and the independent variables occuring between

countries, one can be quite sure that polity-level factors have an effect on turnout, but it is

not possible to disentangle the relative effects of the various variables that are constant (like

17West Germany is another high-turnout country. The rather low value in 1990 is actually a combined figure for both
West and East Germany.

18The inclusion of the LDV also changes the interpretation of the coefficients for the independent variables because
the impact ofx will cumulate over time (Ostrom, 1990, 72-74). The situation is even more complicated here
because the lagged endogenous variable was apparently not transformed. See footnote24 for an explanation.

19A more general and almost philosophical question is whether ‘apparent populations’ should be treated as samples
at all. See the exchange initiated byBerk et al. (1995) and the monograph byBerk (2004, 42-56) for a critical
assessment.
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Figure 3: Turnout over time
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federalism), do not vary much (like inequality) or are constant but not included in the model (unit

effects). There is something about the US that depresses turnout while thereis something about

Australia that drives turnout close to its theoretical maximum, but while registration procedures

and compulsory voting are highly likely suspects, it is not possible to prove that these factors are

decisive.

No methodology, however advanced, can overcome this basic lack of independent pieces of

information. Given this fundamental problem, it is not surprising that the estimates for the ef-

fect of inequality (and the other independent variables) are rather unstable and depend on the

inclusion/exclusion of certain observations. This can be most easily demonstrated byremoving

all observations from a given year or country from the sample. For instance, the coefficient

for inequality is reduced from−0.024 to−0.018 if the four elections in 1971 are excluded. By

contrast, the coefficient goes up to−0.028 if the four observations in 1970 are excluded. The

impact of excluding a single country is even more dramatic: if Austria (eight observations), a

country with average inequality but high turnout rates, is removed from thesample, the coeffi-

cient rises to−0.038. Excluding Sweden (ten observations), a country with low inequality and

high turnout, reduces the estimate to−0.016. Even excluding single observations can have a dis-

cernible impact on the estimates: without the Australian general election of 1993, the estimate

for the coefficient is−0.028, while excluding the Dutch general election of 1971 brings it down

to−0.017. In other words, removing a single observation from the sample can result in a change

of the estimate that is roughly equivalent to one standard error.

So is there anything at all that can be said about the relationship between inequality and

turnout? The short answer turns out to be ‘no, not really’. One very basic approach is to ignore

the institutional control variables as well as the potential impact of the GDP andto analyse the

bivariate relationship on a per-country basis (seeFisher 2007for a related bivariate analysis of

turnout and the left vote).20 Figure4 shows the respective scatter plots, with country-specific

linear regression lines overlaid. This figure is quite revealing. Leaving aside the very low vari-

20To ease interpretation, actualturnout was plotted against inequality. Analyses using the transformed variable
(LOGITVTURN) lead to essentially the same conclusions.
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ation along both the x- and the y-axis in most countries, only five polities – Austria, France,

West Germany, the Netherlands, and Sweden – display a clearly negativerelationship between

inequality and turnout, and even this statement requires qualification. Fitting any sort of trend to

four data points (France) is obviously risky, and the variation of inequalityis extremely low in

Sweden, Austria, and West Germany. Moreover, the clear-cut negative trend in Austria and West

Germany hinges on one outlying election respectively, which happens to bethe rather unusual

first election immediately after unification in Germany. This leaves the Netherlands as the only

real example for the negative relationship between inequality and turnout. In all other countries,

the relationship is weakly positive or close to nil.

To carry out a more formal test, one could run a final pooled regressionof turnout on inequality

and control for GDP as well as for unit effects (assuming that the effects of GDP and inequality

are constant across countries).21 The results are shown in Table3.22 As expected, the effect

of inequality is positive but insignificant. This holds regardless of the transformation of the

dependent variable (models 1-4 vs. models 5-8), the inclusion of the LDV (columns 1, 2, 5, and

6) and the specification of a (common23) autoregressive term for the errors (models 2, 4, 6, and

8) . Given the data at hand, the conclusion is that there is no evidence fora negative effect of

inequality on turnout.

2.2.4 Trivial Effect Size

Lister’s interpretation of his findings is driven almost exclusively by the statistical significance

of the coefficients, and accordingly, much of the discussion in the two preceding sections has

focused on the merits of various modelling techniques, the choice of estimators, and the statis-

tical significance of parameter estimates. However, the findings from a statistical model should

always be judged in terms of their substantive implications and political relevance (King et al.,

21SeePlümper and Troeger(2007) for an interesting new approach that aims at giving biased but relatively efficient
estimates for the effects of slowly changing or time-invariant variables in the presence of unit-effects.

22The four French elections and the German election of 1990 were removed from the sample for reasons stated
above.

23As explained above, it seems unwise to estimate panel-specific autoregressive terms.
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PCSE

LOGITVTURN VTURN

(1) (2) (3) (4) (5) (6) (7) (8)

INEQ 0.022 0.022 0.025 0.020 0.203 0.203 0.234 0.183

(1.615) (1.585) (1.870) (1.315) (1.302) (1.299) (1.628) (1.050)

RGDPC −0.000∗∗∗ −0.000∗∗∗ −0.000∗∗∗ −0.000∗∗∗ −0.000∗∗∗ −0.000∗∗∗ −0.000∗∗∗ −0.000∗∗∗

(−3.376) (−3.437) (−6.835) (−5.757) (−4.268) (−4.270) (−7.987) (−6.402)

VTURNLAG 0.029∗∗ 0.027∗ 0.321∗ 0.319∗

(2.642) (2.446) (2.308) (2.288)

AUS −0.579∗∗∗ −0.587∗∗∗ −0.679∗∗∗ −0.692∗∗∗ −4.055∗∗∗ −4.065∗∗∗ −5.165∗∗∗ −5.244∗∗∗

(−9.056) (−9.008) (−14.626) (−12.045) (−5.489) (−5.491) (−9.793) (−8.380)

BEL −0.407∗∗∗ −0.414∗∗∗ −0.500∗∗∗ −0.499∗∗∗ −2.674∗∗ −2.681∗∗ −3.698∗∗∗ −3.599∗∗∗

(−3.486) (−3.461) (−4.361) (−3.693) (−2.854) (−2.854) (−4.516) (−3.740)

CAN −1.343∗∗∗ −1.376∗∗∗ −1.903∗∗∗ −1.897∗∗∗−14.497∗∗∗−14.539∗∗∗ −20.689∗∗∗ −20.585∗∗∗

(−5.854) (−5.907) (−33.006) (−25.188) (−4.877) (−4.881) (−21.366) (−15.623)

DEN −0.760∗∗∗ −0.775∗∗∗ −0.974∗∗∗ −0.998∗∗∗ −4.950∗∗∗ −4.968∗∗∗ −7.315∗∗∗ −7.534∗∗∗

(−8.805) (−8.789) (−23.430) (−18.640) (−4.652) (−4.658) (−17.463) (−14.211)

FIN −1.293∗∗∗ −1.323∗∗∗ −1.783∗∗∗ −1.793∗∗∗−13.641∗∗∗−13.679∗∗∗ −19.051∗∗∗ −19.126∗∗∗

(−6.747) (−6.785) (−29.264) (−24.846) (−5.493) (−5.497) (−19.386) (−16.668)

FRG −0.714∗∗∗ −0.726∗∗∗ −0.893∗∗∗ −0.909∗∗∗ −4.707∗∗∗ −4.722∗∗∗ −6.687∗∗∗ −6.811∗∗∗

(−6.346) (−6.390) (−11.516) (−10.368) (−3.830) (−3.837) (−8.307) (−7.454)

IRE −1.568∗∗∗ −1.609∗∗∗ −2.247∗∗∗ −2.241∗∗∗−17.468∗∗∗−17.520∗∗∗ −24.972∗∗∗ −24.890∗∗∗

(−5.539) (−5.601) (−28.574) (−23.998) (−4.991) (−4.996) (−24.652) (−20.513)

ITA −0.667∗∗∗ −0.676∗∗∗ −0.795∗∗∗ −0.788∗∗∗ −4.585∗∗∗ −4.595∗∗∗ −5.991∗∗∗ −5.846∗∗∗

(−6.431) (−6.386) (−9.754) (−7.853) (−4.181) (−4.181) (−7.913) (−6.123)

JPN −1.480∗∗∗ −1.524∗∗∗ −2.202∗∗∗ −2.193∗∗∗−17.630∗∗∗−17.684∗∗∗ −25.602∗∗∗ −25.433∗∗∗

(−5.042) (−5.112) (−31.927) (−25.276) (−4.729) (−4.735) (−24.644) (−18.478)

NET −0.863∗∗∗ −0.877∗∗∗ −1.093∗∗∗ −1.083∗∗∗ −7.365∗∗∗ −7.382∗∗∗ −9.902∗∗∗ −9.813∗∗∗

(−5.240) (−5.161) (−8.665) (−5.985) (−3.738) (−3.738) (−7.028) (−5.033)

SWE −0.564∗∗∗ −0.577∗∗∗ −0.729∗∗∗ −0.776∗∗∗ −3.189∗∗ −3.205∗∗ −5.013∗∗∗ −5.442∗∗∗

(−5.800) (−5.767) (−7.885) (−7.055) (−2.908) (−2.913) (−5.326) (−4.831)

UK −1.282∗∗∗ −1.319∗∗∗ −1.883∗∗∗ −1.892∗∗∗−13.860∗∗∗−13.906∗∗∗ −20.501∗∗∗ −20.543∗∗∗

(−5.452) (−5.516) (−37.812) (−28.284) (−4.554) (−4.559) (−24.074) (−18.291)

USA −1.574∗∗∗ −1.634∗∗∗ −2.602∗∗∗ −2.586∗∗∗−25.465∗∗∗−25.541∗∗∗ −36.822∗∗∗ −36.557∗∗∗

(−3.921) (−4.008) (−42.096) (−37.140) (−5.005) (−5.011) (−47.153) (−39.413)

Constant −0.112 0.068 2.744∗∗∗ 2.907∗∗∗ 63.822∗∗∗ 64.047∗∗∗ 95.376∗∗∗ 96.934∗∗∗

(−0.102) (0.061) (6.225) (5.800) (4.713) (4.720) (20.864) (17.636)

ρ 0.031 0.222 0.003 0.205

R2 0.923 0.919 0.913 0.885 0.944 0.943 0.937 0.934

n 124 124 124 124 124 124 124 124

* p<0.05, ** p<0.01, *** p<0.001.
T-values are given in brackets. PCSE were estimated using thextpcse procedure in Stata 10 with the casewise option for the
computation of the covariance matrix. Australia is the reference category.

Table 3: Regression of turnout on inequality, GDP, a LDV, and unit effects with Panel Corrected
standard errors
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2000).

After all, statistical significance is nothing but a statement about the conditional probability

of observing an estimate of a given magnitude. In itself, such a probabilistic statement is not

of substantive interest. First, it is easily possible that politically important effects go undetected

because the respective significance test does not have enough power in small samples. Second,

provided that the sample size is large, significance tests will pick up tiny deviations from the null

hypothesis that are of no political consequence whatsoever. Therefore, statistical significance is

entirely distinct from the substantive significance of the underlying factual claim. As a conse-

quence, many significance tests that are routinely carried out are utterly insignificant in terms of

their material implications (Gill , 1999).

The (disputed) statistically significance of inequality would simply imply that it is highly

unlikely to come up with an estimate of this magnitudeif the true value of this coefficient is

exactly zero – not less, but certainly not more. It wouldnot prove that inequality has any real-

world consequence on turnout.

As it turns out, the analyses presented by Lister would not support his central argument –

the institutions of the welfare state have an indirect impact on turnout – even ifthey were not

conceptually and methodologically flawed and the estimates could be taken at face value. This

is because the consequences of the alleged negative effect of inequality reported inLister (2007)

are negligible.

This fact is somewhat disguised by the non-linear transformation of the dependent variable

but become readily apparent if one takes a closer look at Table1 above. If all independent

variables are at their mean, the expected transformed turnout is 1.613, that is 83.38 per cent

(invlogit (1.613)× 100). If inequality is set to its empirical minimum of 27.08 (Sweden 1979),

the expected turnout rate changes to 84.68 per cent (invlogit(1.710)×100). If, on the other hand,

inequality reaches its empirical maximum of 39.53 (Italy 1968), the expected turnout falls to

invlogit(1.517)× 100= 82.01 per cent – hardly a difference of any political relevance, even if it
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was significant in statistical terms.24

3 Conclusion

Michael Lister’s article makes a useful contribution to the (already very large) discussion on

aggregate variables that foster or depress turnout by drawing attentionto societal factors. But

while the question of whether inequality reduces turnout in the aggregate is arelevant one, his

analysis is fraught with methodological problems that call the validity of his findings into ques-

tion. Firstly, the original article builds on an interesting theoretical argument about the impact of

institutions on attitudes, from which a complex causal framework is derived,but Lister’s claims

about causal relationship are not backed by data. Therefore, his analysis is confined to the ques-

tion of whether there is a negative relationship between inequality and turnout in the aggregate.

Secondly, no rationale is given for selecting this particular time-frame and sample of countries,

and it is difficult to exactly reproduce the findings. Thirdly, Lister applies techniques developed

by Beck and Katzto overcome the small-N problem of comparative politics. But since most of

the control variables are constant within countries and highly correlated while the focal explana-

tory variable as well as the dependent variable are ‘sluggish’ (i.e. nearly constant within most

countries), there are simply not enough truly independent observationsto estimate the model

specified by Lister.

By applying simple bootstrapping techniques it can be shown that the t-valuesreported by

Lister are far too large, thereby overestimating the reliability/statistical significance of the pa-

rameters. This is confirmed by an alternative robustness test that applies Generalised Estimating

Equations to the same data. Moreover, it can be demonstrated that the estimateschange consid-

24The issue is actually slightly more complicated because (a) Lister’s specification includes a LDV, which implies
that the present effect indirectly affects future levels of turnout and (b) because the dependent is transformed in
a non-linear fashion while the LDV is retained in its original scale, thereby creating a complex linear-non-linear
feedback loop. As a consequence, turnout would rapidly (within 10 elections) converge towards 100 per cent if
the process starts from the mean values in Table1 and is otherwise left alone. However, this convergence depends
on the initial level of turnout. Setting inequality to its maximum and thereby reducing the initial level of turnout
to 82 per cent is sufficient to trigger a convergence towards a 0 per cent turnout rate, againwithin the course of
ten elections. The decision over whether such a specification make sensesubstantially is left to the reader.
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erably if a single year, country or even a single observation is removed from the sample. Simple

bivariate regression plots on a country-by-country basis as well as analternative model that is

less demanding than Lister’s specification confirm the assertion that there isno evidence for the

supposed universal negative relationship between inequality and turnout.

Some of the problems outlined above can be traced back to Lister’s sole reliance on aggregate

data. Over the past two decades, multi-level modelling techniques have beenapplied in subfields

of political science as various as attitude formation (MacKuen and Brown, 1987), support for

European integration (Gabel, 1998), recycling behaviour (Guerinet al., 2001) and the vote for

the Extreme Right (Arzheimer and Carter, 2006), and the joint analysis of individual and macro-

data would seem like an obvious remedy for at least some of the issues identified in the first

part of this paper. As a case in point, in a recent contributionAnderson and Beramendi(2005)

regressindividual turnout on a number of individual and polity-level variables and find that

income inequality at the macro-level reduces the probability of electoral participation.

But like PCSE, multi-level analysis is no panacea. Even if they are jointly analysed with

individual-level information, data on the institutions of modern democracies willoften be in-

herently ‘weak’ (Western and Jackman, 1994), because both the number of countries and the

level of institutional variation within these countries is low, time-series are short, and strong unit

effects are likely to prevail. This makes it extremely difficult to identify any causal effect.

Finally, it should be borne in mind that statistical significance is unrelated to substantive rele-

vance. Even if the estimates and standard errors in Lister’s analysis couldbe taken at face value,

they would not support the hypothesis that the institutions of the welfare statehave an impact of

turnout, because the political relevance of the alleged effects of inequality are negligible.
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