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Abstract

Electoral researchers are so much accustomed tgzmtathe choice of the
single most preferred party as the left-hand sideable of their models of
electoral behavior that they often ignore revealesference data. Drawing on
random utility theory, their models predict eleelobehavior at the extensive
margin of choice. Since the seminal work of Lucal athers on individual
choice behavior, however, many social science pliseis (consumer research,
labor market research, travel demand, etc.) havended their inventory of
observed preference data with, for instance, mnialtipaired comparisons,
complete or incomplete rankings, and multiple igdin Eliciting (voter)
preferences using these procedures and applying@gte choice models is
known to considerably increase the efficiency dfnestes of causal factors in
models of (electoral) behavior. In this paper, veendnstrate the efficiency gain
when adding additional preference information tstfipreferences, up to full
ranking data. We do so for multi-party systems dfecent sizes. We use
simulation studies as well as empirical data frdma 1972 German election
study. Comparing the practical considerations fem@ ranking and single
preference data results in suggestions for chdiceeasurement instruments in
different multi-candidate and multi-party settings.



1. Introduction

Modeling individual electoral preferences and chakequires survey data. It has become
customary to use a single question for this purpesgech is formulated approximately
“which party did you vote for?”. This question ydsla very partial rankorder of electoral
preferences for parties, in which only the partyirst preference is juxtaposed versus all
other parties. Differences in first preferencesrast commonly analysed with random
utility models, the foundations for which were laddwn by Thurstone in 1927, and
which have in recent decades spawned into a pkethfdogit, probit, and related models.

In this paper we argue that first preference data a suboptimal basis for
modeling electoral preferences and choice. Althoragtdom utility models can usually
be estimated on the basis of such data, the |dgicese models extends to second and
further preferences as well. Moreover, the efficienf parameter estimates is greatly
enhanced if electoral preferences were to be mea@saore extensively than only by way
of first preferences.

We start with a brief review of random utility mald and their implications for
electoral utilities forall parties. We then briefly review the use and theigoal basis of
random utility applications in electoral studiese\Wubsequently use simulated data to
assess the consequences of more extensive obsareételectoral preferences for the
efficiency of explanatory models. This is followbd a brief dicussion of concerns about
the practical applicability of random utility modein electoral research, and by a
discussion of the implication of our findings fonet usually competing budgetary

demands between sample size and questionnairénlengt

2. Random utility models

The general random utility model holds that a denismaker, i.e. the voter would
obtain a certain level of utility from voting foftarnativej, i.e. for each of the parties or



candidates. This utility, Ujj, is known to the voter but not to the researciige voter
chooses the alternative that provides the great@bty. The behavioral model is
therefore: choose parkyif and only ifUy > U O k # j. Utility is seen as decomposable
as follows:Uj = Vj + ¢j, whereV; is obtained from a (representative) function that
specifies the effects of observable characterigticdependent variables) in conjunction
with the observed values for the independent vieesalor each combinatioip. These
observable characteristics can be of different sirattributes of voters attributes of
parties® and attributes of the elements of the Cartesiadymtij of voters and parties.
The residual terna; captures the effects of unobserved factors ttfattafitility but are
not included inV;. Treating the unobserved factersof each combination of voter and
party and candidate as a random variable, the g@nsity allows the electoral researcher
to make probabilistic statements about the deteam# of voters’ choices. Different
specifications of this density result in differeh$crete choice models. The logit model is
derived under the assumptionf¢f) being 1ID extreme value distributed and the ptrobi
model under the assumption of a multivariate nomhttibution.

The random utility model relates the independemiats¢es to the utilities oéll
parties |). This implies that when more than 2 alternatiassavailable, it regards voters’
choice behavior as a series of consecutive chaitesh jointly constitute the voters’
rank orderings of preferences (Luce 1959): Consadeinoice set of, e.g., four parties A,
B, C, and D and a voter who prefers party A ovetypB, B over C, and C over D. One
can think of this ranking as a three-step choiteaipn: in a first steps=1, the voter
chooses the most preferred party from the completéce set of parties A, B, C, and D.
In the second steps=2, a (first) choice is made again from the renmgnthree
alternatives, in the final stepz3, the most preferred party is chosen from thearamg
two alternatives. In the case of our example, ttervselects party A from the choice set
{A,B,C,D}, then party B from the choice set {B,C,D&nd finally C from the set {C,D}.

! In the remainder of this paper we will, for thé&aaf simplicity, us the term ‘parties’ for all kdnof
discrete choice options: political parties, cantidareferendum proposals, etc.

2 These are variable only across votéxsifvariant across partie,(e.g., demographics, strictly individual
attributes such as political cynicism, etc.

® These are invariant across votejskut variable across partig}, €.g., party size, incumbency, etc.

* These vary across all combinations of voters atlgs, e.g., voter-specific perceptions and evialna
of parties, distances between parties and voteissae dimensions, etc.



Luce and Suppes (1965) show that the probabiligbserving the ranking ofilJ
> Uig > Uic > Up has the following form, which can be estimateéulif rank orders of
preferences are available (see also Beggs et &l; ¥¥ausman & Ruud 1987; Marden
1995):

P(Uia > Ug > Uic > Up)
3
= |_j Prob(gi,- —&ik < Vik—Vij O k#j)

_epVa) . exple) . expg )

ZJ:A,B,C,DeXpNXi ) Zj:B,C,DeXpV)ﬁ ) Zj:C,D eXpV

(1)

Full rank orders are not necessary to estimatep#iiameters of random utility
models. Suppose we observe only which two partiesrast preferred. Continuing the
example of a four party system, the partial ranknigJa > Ug > Uc , Up has the
probability

P(Uia > Ug > Uic, Up)
2
= |_j Prob(gi,- —&ik < Vik—Vij O k#j)
expi, ) exp¥ )

= X 2
Z:J'=A,B,C,D(_:‘Xp(\/)§i) Zj:B,c,DeXpV)ﬁ ) )

The implication of equation 2 is, that instead obdeling three consecutive
discrete choice situations as in the case of theptete ranking of four options, we only
model two discrete choice situations in the caggantial ranking data. Even if the partial
ranking distinguishes only the single most prefémparty, the parameters of the random
utility model can be estimated. The well known gbitity of observing W > U , Uc ,

Uip in the multinomial/conditional logit model has tfedlowing form (McFadden 1974,
Maddala 1983):



P(Uia > Ug, Uic, Up)
= Probgj —ein < Via—Vj OA#])
expa)

) ZJZA,B,C,DeXp(\/ij ) 3)

Intuitively, it will be clear that, although ranahoutility models can be estimated
from partial rank orders (equations 2 and 3), it b advantageous to use ‘richer’ data,
which contain full rank order information. We wilemonstrate below that this advantage
takes the form of smaller standard errors of esésydhence more precision in inferences
about the determinants of choices (the paramdtatsgenerate the; components in the
previous equations. Before we do that, however, finsd elaborate the extent of
information loss when using partial rank ordergend of full ones.

How much less information a partial rank orderdgeis a function of the number
of parties, and the number of observed preferentedhe case of 4 parties, any
estimation of a random utility model yields for rawter predicted utilities for each of
the 4 choice options, which can therefore be ramlei®d. This predicted rankorder
contains 6 comparisons of preferences. If estimatias based on full rankorders (using
(1) above), then empirical observations pertairnm@ preference comparisons are used
(producing a ratio of 1 between observed preferamaparisons and revealed utility
comparisons). If, however, only the first preferens known, then the estimated model
(derived from (3) above) still yields 4 predictedilies (and thus 6 preference
comparisons), which are in this case only basedtten 3 empirical preference
comparisons implied in first-preference data). mstcase the ratio of observed
preference comparisons to revealed utility compassis 0.5. A somewhat ‘richer
partial rankordering would contain observationsfisst and second preference (leaving
the remaining 2 parties unordered qua preferentleijs would provide 5 observed
preference comparisons as a basis for predictiey&€aled utility comparisons, a ratio of
0.83.

Table 1 presents these ratios between the obsmmaitbasis of preference
comparisons on the one hand and revealed utilitypasisons on the other. The first
column specifies the number of choice options, tredsecond the number of revealed



utility comparisons implied in an estimated modele§pective whether the model is
based on full rankorders (based on (1) above) goatial ones (based on formulations
analogous to (2) or (3) above). The third and foedlumns specify the information base
in the case that the observed preferences idesriifythe first preference, and the ratio of
observed preference comparisons to revealed utlitjparisons. Column 4 clearly
shows how rapidly the empirical basis for estin@qtiandom utility models impoverishes

with increases in the number of choice options.

Table 1 Observed utility comparisons (on the bakikst preference and rank data), and total
number of binary utility comparison as a functafrthe number of choice options (k)

[1] (2] [z] [4] [5] [6] [7]

Total # of Ratio of # of #empirically Ratio of
# of parties utility empirically column [3] empirically  observed  column [6] to
J comparisons observed to column observed  preference column[2]
revealed by preference [2] preferences comparisons
estimated comparisons in partial  from partial
model from 1 rankorder  preference
preference G ranks
data
2 1 1 1 1
3 3 2 .67 2
4 6 3 .50 3
5 10 4 40
1 4 40
2 7 .70
9 .90
6 15 5 .33 5 5
7 21 6 .29 6 6
8 28 7 .25 7 7
9 36 8 22 8 8
10 45 9 .20 9 9
J % J(J-1) (J-1) 2/k
G %G (G1)+ (2G(G-1)+
G(J-G) G@J-G))/
5 J (J-1)

Columns 5 and 6 of Table 1 illustrate by what magte the empirical basis for
estimating a random utility model is enriched whemiditional observed preferences
beyond the bare minimum of first preference onlg.tAe possible number of additional

preferences depends on the number of choice optibisshas only been elaborated for



the 5-party case, and, in generalised terms, ferJtparty case from which the first G
preferences are observed (G < J). Inspection obtharty case reveals that the ratio of
observations to revealed comparisons increases@rétfor first-preference data to 0.70
when the first two preferences are observed artda0 when the first three preferences
are observed. In other words: additional obsenretepences enrich the information base
from which a model can be estimated, but in a nmaityi decreasing fashion.

3. Random utility models in electoral studies

Random utility modeling has become one of the mogular methods in the analysis of
electoral choice. In its most general form it alfothe estimation of the effects of a wide
variety of possible determinants of choice behavieoter characteristics, party
characteristics and characteristics of voter-paotybinations (see also footnotes 2, 3 and
4)° The necessary empirical data can be obtainedvariaty of ways, but are typically
derived from surveys.

Any review of the relevant literature will revethlat electoral analysts are much
more preoccupied with the development of the rlggmd side of their equations (which
contains the explanatory variables) than with &feHand side (cf. van der Eijk 2002). In
view of the general level of methodological soph&ion of empirical electoral research,
this lack of attention for the measurement of tepashdent variable it is surprising. As a
consequence, models of electoral choice commordyexuseedingly sparse information,
mostly because available data are meager, but soegetlso because available data are
underutilised. Statistical inference is thus lesxise than would be possible.

Most real-world electoral systems allow voters dolgxpress their preference for
a single party. It aimost seems as if this reality not only coaisis voters, but also most
electoral analysts who evidently find it difficud conceive of their core dependent

variable —electoral preference— in any other wagntfirst preference. Many election

® Some variants of random utility models allow osbyme of these kinds of determinants to be used as
independent variables; multinomial logit models,dgample, can handle only voter attributes.

® Some electoral systems —e.g., STV, MMP, approwating— allow the expression of multiple
preferences, but they are comparatively rare, aed & those systems many surveys ask about ector
preference in a single-preference manner.



surveys contain only a single question about pahgice: “which party did you (or
would you) vote for?” Even when surveys do providere information, such as a
second-choice questidnjt is exceedingly uncommon for such information he
integrated (in conjunction with first preferencetajain empirical models of electoral
choice. This lack of attention to possibilities famriching the empirical observations of
the dependent variable stands in sharp contragitiier areas of individual choice
analysis (consumer research, labor market resetmestel demand, etc.; for a review see
e.g. Hensher et al. 1999; Merino-Castello 2003)ciwhiave extended their standard
inventory of observed preferences with, for insegnmultiple paired comparisons,
complete or incomplete rankings, and multiple gginWe will demonstrate in section 4
that, would electoral researchers adopt similamof more extensive measurement of
electoral preferences, considerable increaseirfficiency of estimated models would
be achieved.

The question arises on how to observe electoedépmnces in such a way that the
empirical basis of intra-individual preference camgpons is enlarged. There are two
main approaches for doing this, which are not miytexclusive. One way is by asking
respondents directly to rate their preference &whealternative in an absolute manner.
The second approach is to ask respondents to napkrtally rank parties in terms of
electoral preference.

Asking electoral preferences in an absolute maneguires the development of
appropriate survey instruments, that avoid the gmbes of everyday language of terms
such as ‘preference’ and ‘utility’, and that yieldlid measurements for the relevant
concepts in individual choice theory. Welfare eaworsts, for instance, increasingly
accept survey—based happiness measures as paxassblute ratings of utility (Frey &
Stutzer 2002). In electoral studies, the questmn hkely it is that one will ever vote for
each of the parties has been used successfullypasatmnalisation of electoral

" The 1992 and 1996 US national election studiesjristance, survey the second preference in those
respondents who indicated that they considered daradidates during the race. Similarly, the second
preference question is asked in the Dutch nati@battion studies in 1998 to those who answered
affirmatively to a previous question whether or tiwy had hesitated about their choice. In the Garm
national election studies between 1961 and 19&poralents were asked to rank all parties accotding
their preferences (phrased in terms of ‘liking'® dur knowledge, unfortunately, no election studisisall
respondents to rarddl parties in a form that explicitly focuses on tle¢ af voting: “Which party did you
vote for?”, “Which party would you have voted fénot party X?", etc.



preference, or ‘utility’ in the Downsean sense lé word (Downs 1957).0One of the
challenges in this approach is how to formulateseyiitems so that they measure the
intended phenomenon, and not something %el§ecalid measures can be developed,
however, this approach leads to a different arcditradition that random utility models.
Absolute ratings of preference provide continuoud mon-ipsative measurements which
can be directly regressed on independent varidblessess the effects of the latter (cf.
van der Eijk et al. 2006).

The second approach, which we will focus on in gaper, is to observe electoral
preferences via expressed choices. The formulatbnrelevant survey items is
straightforward and raises fewer problems of valithian direct ratings of preferencgs.
This approach vyields ranking data, i.e., ordinalcimaracter and ipsative, thus not
amenable to be directly regressed on explanatoriahias. Analysing them requires
random utility models which regress the revealed.,(iestimated) utilities on the
independent variables (see equations 1, 2 and®eabln electoral studies, the most
common format of such ranking questions is the tjueswhich party did you vote for’
which yields a partial rankorder, setting apart thesen party against all other ones.
Some surveys contain ‘second choice’ questions,rémely do we see more extensive
rankings of electoral preferences for parties.

The two approaches —asking about absolute prefemetings on the one hand, and
asking about preference orders on the other— arenntually exclusive. Ratings can be
converted to rankings, which will be partial if seraf the ratings are tied. Although the
next sections focus in particular on ranked preiegs, they are equally relevant for the

analysis of rating data if those are converteg#otial) rankings:

8 See in this respect in particular van der Eijle2006.

% In case of electoral preferences, this raisegjtiestion whether, e.g., thermometer scores (sorestiiso
referred to as sympathy scores) for political partan be considered to reflect electoral prefessnar
whether (and to what extent) they are contaminbtedther factors. For an empirical assessment ef th
validity of a number of such survey instrumentssaeder Eijk and Marsh (2007).

19 still, if research questions are abalectoral preferences for parties, great care should bengige
formulate rankorder items in terms @&ctoral choiceand not in other terms (such as, e.g. sympathy, o
likeability).

! Converting ratings to rankings will likely lead smme loss of information, however. As stated ia th
main text, the application of random utility modeistly not be the optimal mode of analysis for alisolu
preference ratings.
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From equations 1 to 3 it will be clear that irrespee of the number of preferences
observed, statistical models such as multinomiaomditional logit can be applied. The
analysis of full and partial ranking data is noy aifferent from the analysis of the single
most preferred party, except for the depth of thepiecal basis of intra-individual
preference comparisons, as illustrated in Tabla fhe next section, we will demonstrate
the consequences of such differences in depthesged terms of the efficiency of the
estimates. In areas other than electoral analyssadvantages of greater depth of intra-
individual preference comparisons as long beengmised, particularly in economics
(e.g., Chapman & Staelin 1982nd psychology (Croon 1989; Bockenholt 2001).

Electoral studies seem largely to ignore theseflisrié

4. Efficiency

Table 1 demonstrated the extent to which the eoglidasis for estimating random
utility models increases when second and subsequeffgrences are elicited over the
ubiquitous first electoral preference questiorcah be expected that a larger empirical
basis results in increased efficiency when estmgathodels. We investigate how strong
this gain is by way of two simple simulations. Tfiest is a simulation of electoral
preferences in a 5-party system, which serves fastallustration of possible gains of
efficiency. The second is generalization to vagathmbers of parties and variable depth

of preference ranking.

4.1 Simulation 1

We simulated 1000 samples of 1000 voters each,fivegparty system where electoral
utilities are determined by 3 variables. The fisk; — is a voter attribute: , a 5-point
ordinal scale that varies only across voters butawnoss parties. This could be social
class, for instance, ranging from lower to uppeass! The second determinaxg, is a
binary variable that indicates the match betweemtar and a party in terms of some

attribute. One could think of, e.g., the match le=w parties and voters in terms of

21t is therefore little surprising that the onlytpished analysis of electoral research using arlking data
was published in an economic journal (Koop & Poiti®94). See also Fieldhouse et al. 2006.
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religion. The third determinant of each party'dityti xs, is a normally distributed metric
variable, e.g., the distance between voters antiepaon a policy continuum, such as
liberal-conservative.

Residual aggregate utility of parties in the elesti® is captured in party specific
intercepts and unobserved individual utility oftges in the 1ID extreme value distributed
error termg. Sixty percent of total variance is generatedh®se residual factors, which
is in accordance with the common observation in efind empirical data that
approximately forty percent of the variance in thdities can be explained by the
independent variables. Note thatandxs vary across all combinations of voters and
parties whilex; only varies across voters. The estimation of ffeceof x; thus requires
party-specific parameters with respect to somereafee category, i.e. by way of a
multinomial logit specification. We use party 5Sraterence category. The estimation of
the effects o, andxs, however, can be performed for all parties coremnily, i.e. by
way of a conditional logit specification. We assitre following parameters to the

construction of electoral utilities:

U, =-0.75+ 0.3% + 0.58,,— 0.25,+¢,
U,=0.70- 0.6% + 0.58,,— 0.28,+¢,

U,=0.30+ 0.1&,+ 0.58,,— 0.25,+¢,

U, =-0.80+ 0.6& + 0.58,,— 0.25,+¢,
U, =0.50x,, — 0.25,. + &,

From the simulated electoral utilities was deriled full rank order of preferences that
could have been obtained in a survey. The full rarder was subsequently duplicated
and truncated to yield simulated responses fot firsferences only (depth=2), for first
and second preferences (depth=3), first secondhartipreferences (depth=4). The full
rank order itself (depth=5) was also maintainedafoalysis.

The simulated preference rankings were analyse@et possible level of depth
(depth = 2, 3, 4, 5) for each of the 1000 simulegachples. Table 2 reports from these
analyses the mean and the empirical standard dwviat the parameter estimates of the

three independent variables, and of the estimdtalheoparty-specific intercepts. The
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model referred to as ‘depth = 2’ represents theasiin in which only first preferences
are asked, as is ubiquitous in electoral studidse model labeled 'depth = 5’ represents
the situation of complete individual preferencekiags of all 5 parties. The ‘depth 3’
'depth = 4’ models represent intermediate formpantial preference rankings.

Inspection of the means of the parameter estimatesss the four models
suggests that irrespective of the depth of the ilgninformation, all models perform
quite well in yielding estimates that are not sigantly different from the true
parameters (which are listed in the first colurhir§trong differences between the models
of different depth exist, however, in the variarmfeparameter estimates, i.e. in the
efficiency of these models. As expected from Talblemore extensive preference
rankings result in smaller variances of the paramestimates across the 1000 trials. As a
case in point, the standard error of the estimatticept of the first party i) is 0.429
when only first preferences are used, and less hila#frthis magnitude (0.209) when the

(full) rank order of preferences is available apeimal information.

Table 2 Means and the standard deviations of petearastimates over 1000 trials of
multinomial/conditional logit models with 1000ses, 5 choice options, and 3
explanatory variables. Depth denotes the numbremnéis included in preference rankings

True Depth =2 Depth =3 Depth=4 Depth =5

value mean sd mean sd mean sd mean sd
Bo1 -0.75 -0.770 (0.429) -0.768 (0.298) -0.763 (0.232) -0.757 (0.209)
B11 0.35 0.357 (0.140) 0.355 (0.095) 0.354 (0.073) 0.352 (0.067)
Boz 0.70 0.683 (0.559) 0.705 (0.372) 0.709 (0.291) 10.7(0.240)
Bio -0.65 -0.645 (0.213) -0.653 (0.137) -0.654 (0.104) -0.654 (0.082)
Bos 0.30 0.285 (0.382) 0.293 (0.267) 0.294 (0.221) 96.2(0.206)
Bis 0.10 0.107 (0.129) 0.103 (0.088) 0.103 (0.071) 02.1(0.067)
Boa -0.80 -0.809 (0.379) -0.805 (0.276) -0.802 (0.228) -0.801 (0.215)
Bia 0.60 0.604 (0.123) 0.602 (0.088) 0.601 (0.074) 0D.6(0.070)
B2 0.50 0.498 (0.070) 0.500 (0.050) 0.500 (0.043) 00.5(0.040)
B3 -0.25 -0.254 (0.037) -0.253 (0.028) -0.252 (0.024) -0.252 (0.022)

13 We assess bias differently than is customary inesof the econometric literature. There, the egéitha
parameter from a first-preference (depth=2) maslelfien used as benchmark against which the estimat
from more extensive preference rankings are ga(eygd Hausman & Ruud 1987). As the specificatibn o
the simulations provides us with the true valuethefparameters, we use those as benchmarks &sasse
bias.
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These efficiency gains are achieved for all predgdf utility that were included in the
simulation: for ordinal voter attributes as wellfas binary and the metric attributes of
votereparty combinations. Comparing the standard erretsvéen models of different
depth shows clearly a declining marginal gain frawfditional preference rankings.
Adding to second preference information has thgelstreffect on efficiency while adding
—in this 5 party case-"4preference data (i.e., obtaining a full rank oydgelds only

moderately gains in efficiency ove preference information. .

4.2 Simulation 2

In this simulation we analyse the consequencesnofeasing depths of preference
rankings for political systems that differ in termfsthe number of parties. For simplicity,

we include only two metric predictors of utilityh& first x;— is a voter characteristic

(variable only across individuals) that affectsyothe utility of party 1. For instance,

voters may differ in their assessment of the geasliof the leader of party 1 while this
difference in evaluation only affects the utiliti/this party.

The second determinant of utility varies across lwoations of voters and parties
and affects the utility of each party equally (euwtilities for all parties are affected
identically by the distance between voter and pantghe liberal-conservative scale). The
first predicator is thus a multinomial logit typegressor, the second is a conditional logit

type regressor. The following specifications wesedifor simulating the utilities:

U, =0.50x, — 0.35,, +&,
U, =-0.35x, +£,

U,;,=-0.35G,,+&,,
U, =-0.35,, +¢,

14



As in simulation 1, we generated 1000 samples 6DM\ters each, for all party
systems ranging from 2 to 12 partiéghis yields 11000 simulated samples. In each of
these full individual rankorders of preferences eveerived from the utilities. These
rankorders were transformed into partial rankinidar each possible depth in the given
party system: e.g., for a 6 party system, all defithm 2 to 6 (including). All in all this
leads to a total of 66000 estimated models.

As was the case in simulation 1, models at differdepths were all yielded
parameter estimates that are, on average, nofisatly different from the true values.
For the sake of brevity we do not report these, Bgain, major differences were found
in terms of the standard errors of the parametanates. Table 3 reports the (empirical)
standard deviation of the parameterxpéndx,, arranged by number of parties and the
depth of the preference ranking data. The standamk of the effect ok, i.e. the
predictor of electoral utilities that varies onlgrass voters and that only affects party 1,
increases by the number of parties. This is theseguence of the ever smaller size of
single parties in large party systems as opposedwtsparty systems. The more
fragmented the dependent variable is, and thusrtiadler the number of people ranking
a party first, the less efficient the parameteingsties will be of contrast effects vis-a-vis
a reference category in a multinomial logit settipre importantly, however, in all
simulated party systems (ranging from 2 to 12 pajticomparison of results for different
depths of preference rankings demonstrates thge klficiency gains can be obtained by
extending the number of electoral preference ragkirirhis can easily be seen by
comparing within each column the standard erromnfrtop —depth=2, i.e., single
preference data only— to bottom —greatest degthfull preference orders.

% This range covers most representative democraigsrty systems are quite rare, even the US does
sometimes not fit this type (as in 1992 and 199@mwRoss Perot mounted a third-candidate challenge
which was unusually successful for US standardgte®ns with 12 parties (or more) are actually tess.
Countries such as the Netherlands, Denmark andfteduently fit that type.
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Table 3 Standard deviation of parameter estinates 1000 samples of 1000 cases each for
party systems of different sizq.parameter is a multinomial logit type, ands a
conditional logit effect parameter. Results agehby size of party system (across) and
depth of Ranking Information (down).

Standard errors of parameter estimates ok,

Number of Parties
Depth 2 3 4 5 6 7 8 9 10 11 12

2 0.069 0.072 0.077 0.082 0.087 0.090 0.091 0.099990 0.104 0.103

3 0.056 0.059 0.062 0.064 0.065 0.067 0.068 0.00076 0.078

4 0.050 0.051 0.055 0.055 0.056 0.058 0.061 0.06365

5 0.045 0.048 0.050 0.051 0.053 0.055 0.055 80.05
6 0.045 0.046 0.047 0.048 0.050 0.051 0.063
7 0.043 0.044 0.044 0.046 0.049 0.050
8 0.041 0.042 0.043 0.045 0.046

9 0.040 0.041 0.043 0.044
10 0.040 0.041 0.042
11 0.039 0.040
12 0.038

Standard errors of parameter estimate ok,

Number of Parties
Depth 2 3 4 5 6 7 8 9 10 11 12

2 0.051 0.041 0.038 0.038 0.035 0.034 0.035 0.08D330 0.033 0.034

3 0.033 0.028 0.027 0.025 0.025 0.025 0.025 0.024024 0.024

4 0.024 0.023 0.021 0.021 0.020 0.020 0.021 0.00920

5 0.021 0.019 0.018 0.018 0.018 0.018 0.017 M.01
6 0.018 0.017 0.017 0.016 0.016 0.015 0.015
7 0.016 0.015 0.015 0.015 0.014 0.014
8 0.015 0.014 0.014 0.013 0.014

9 0.013 0.013 0.013 0.013

10 0.013 0.012 0.012
11 0.012 0.012
12 0.011

The standard error of the effect»of i.e. the predictor of electoral utilities thatries by
voters party combinations and that affects all partyitigd equally, decreases by the
number of parties. This is in contrast to the dffefcx;. This demonstrates that, at any
possible level of depth, a large party system plesimore preference comparisons from
which conditional logit parameters can be estimaf@alx, we observe, just as we did for
X1, that the estimation of parameters gains in efficy when more extensive preference
rankings are available. This holds for all partgteyns —with the obvious exception of a
2-party system where first preference only yieldmplete rank order between the two
parties. The marginal benefit of additional rankinfprmation is declining by depth,

however.
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Figure 1 Standard deviation of parameter estinates 1000 samples of 1000 cases each for a 4,

8, and 12 party systemy. parameter is a multinomial logit type, agds a conditional

logit effect parameter.
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Figure 1 presents the increases in efficiency wuenore ranking information
(expressed in declining standard errors) in a dcaphvay. It does so for a four-party
case, an eight-party case, and a twelve party &ardard errors of the parameters;of
and x, are both plotted. It clearly shows that increastepth results in decreasing
marginal gains.

It is obvious from Table 3 and Figure 1 that hovaaly efficiency is increased
by larger numbers of preference rankings, dependb@size of the party system and the
kind of parameter to be estimated (multinomial fogs. conditional logit). These
relationships can be specified easily by regressieg(log transformed) standard errors
from Table 3 on the (log transformed) number otipar the (log transformed) depth of
the ranking information, and an interaction ternth&f number of parties and the depth of

the ranking information. These regressions yietdasit perfect fit: for the standard errors
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of thex; parameteR? = 0.973, and for the standard errors ofthparameteR? = 0.988.

The estimated equations are:

In(0,,,) =-2.264+ 0.115Inparty } 0.830Infepth4 0.122Ingartyx) Indeptht)e
In(0,,,) =-2.289- 0.327Inparty } 0.878Imfepth4 0.120Ingartyx) Indepth+)e

In both cases, the efficiency gain from greater tldefp.e., more extensive
preference rankings) is of the same magnitude. mheginally decreasing benefit of
additional preference rankings is also similar doth kinds of parameters (reflected in
the interaction of party and depth). The impactpafty system size is, as already

discussed, quite different, and even differentiynsd.

5. Practical considerations for using Rank Data —rad an empirical illustration

The previous sections demonstrated that extendiatengnce rankings beyond single
preference only provides a considerable advantagerins of the efficiency of statistical
modeling. Yet, efficiency is not the only groundr fqudging models, practical
considerations and the plausibility of assumptidmsve also to be taken into
consideration. Some of the potential limitationsnadltinomial/conditional logit/probit
specification for single-preference data are eguedlevant to rank-order logit/probit
specifications for ranking data. Other problems @a#icular for rank-order models but
not for single-preference discrete choice modets fan yet other problems this is the
other way around.

In the following paragraphs we discuss the most-lwewn of these problems
and possible solutions. For illustrative purposes,use empirical data from the 1972
German national election study in which respondemse asked to rank order five
parties in terms of electoral preferences (the presvas actually formulated in terms of
sympathy or liking)> We use these data to compare conditional/multinbmiodels

!> The data of the 1972 German election study (ZA)&2H be downloaded without any costs from the
Central Archive for Empirical Social Research indgme (http:/Awww.gesis.org/en/za/index.htm). Samil
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using single most preferred party only with mode$ing the full rankorder. The five
parties surveyed in this study included the two ihating parties of the German political
system, the Christian-Democratic Party (CSU/CSWU) #me Social Democratic Party
(SPD). In addition the much smaller Liberal PaR{pP) was included, a party that often
proved to be indispensible for either of the lapgeties to construct a majority coalition.
Finally, two splinter parties were included thatdhaever passed the 5% electoral
threshold: the right-wing National Party (NPD), atite left-wing Communist Party

(DKP). Table 4 reports the distribution of prefezemankings for these five parties.

Table 4 Respondents’ ranking of German partid9ire .*
First Second Third Fourth Fifth

Preference Preference Preference Preference Preference
SPD 51.6 30.3 16.0 1.7 05
CDuU/CSuU 41.4 19.7 325 4.2 2.2
FDP 6.4 475 43.9 1.7 04
NPD 0.4 1.8 4.1 64.2 29.6
DKP 0.2 0.7 35 28.2 67.4
Total 100.0 100.0 100.0 100.0 100.0

* Data: Pre-election wave of 1972 Bundestag Ele@innly (GNES'72); n=1668.

5.1 Estimation problems for small parties

The entries of Table 4 illustrate an obvious fpstblem of single-preference data: there
are hardly any respondents who rank the Natiosadiatl the Communists first (only 6
respectively 4 individuals), in spite of the avhildy of a reasonably large sample. Were
one to estimate a multinomal logit model on badigshese data, standard errors of
contrast effects for the two smallest parties wdaddsery high and, moreover, one might
easily encounter identification problems. For instg none of the 4 respondents ranking
the Communists first ever attend religious servidesliscrete independent variable of
church attendance could therefore not be regressedfirst) preferences for the
Communists. Generally, where small parties existesy large sample is required to
estimate all behavioral parameters of interestnify dirst-preferences are survey®&d.

ranking information have been collected in all Gannparliamentary election studies between 1961 and
1976 and have been used, for instance, by Regemmveeil. (2002).

18 A popular solution in the literature is to discarmall parties from the analysis, which implies oging
respondents from the analysis who ranked a smdl fiest. Apart from the data loss of those regpemts,

this ‘solution’ has serious drawbacks. In a someéwdmmcealed form it is a form of selecting on the
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Beggs et al. (1981) note in this respect that areefit of ranking data of greater depth
lies in the possibility to analyze unpopular chseice

But even if one replaces categorical regressor$ wwietric ones to avoid
identification problems when analysing small pastistandard errors of effect parameters
pertaining to these parties will nonetheless béliiopflated. Table 5 illustrates this. This
table presents parameter estimates of two modelsnaitional/multinomial logit model
and a rank-order logit model. Both models contdmee explanatory variables.
Frequency of church attendance represents theawdigleavage, income represents the
class cleavage, and age of respondents reprebengemerational rift at the time of the
1972 election. The SPD is chosen as reference agteg both models and effect
parameters thus indicate contrasts to this referdfrom a substantive point of view, the
two models tell the same story: The Christian-Dematscand the Liberals attract the most
wealthy respondents, the Communists the leastoakgvoters, the Christian Democrats
the most religious ones, and the Nationalists halatively old supporters. But for the
purposes of this paper the standard errors of stienates are more interesting. In the
multinomial/conditional logit model (using only $ir preference data) the standard errors
of the parameters of the independent variablesamnee 4 to 8 times larger for the two
small parties (NPD, DKP) than for the other thrEhkis illustrates empirically the main
finding from the simulations: efficiency of estimatis considerably higher for complete

ranking data. This holds particularly for smallfpzs that are almost never ranked first.

dependent variable, that will bias the estimatedupaters of independent variables. For furthendision
and empirical estimates of the extent of such ipi@sparticular case see van der Eijk et al. (2006)
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Table 5 Discrete Choice Models of Electoral Pieafees for Single-Preference and Ranking Data

(GNES'72).
Conditional Logit Model Rank-Order Logit Model
SPD as Reference Category
Cbu -3.280 (0.318) -4.452 (0.288)
CDUxChurch 0.448 (0.036) 0.566 (0.032)
CDUxIncome 0.121 (0.028) 0.159 (0.026)
CDUxAge 0.016 (0.004) 0.021 (0.003)
FDP -3.835 (0.577) -2.586 (0.261)
FDPxChurch 0.090 (0.066) 0.116 (0.029)
FDPxIncome 0.229 (0.055) 0.089 (0.024)
FDPxAge 0.002 (0.007) 0.017 (0.003)
NPD -8.133  (2.343) -4.850 (0.427)
NPDxChurch -0.293 (0.296) 0.060 (0.049)
NPDxIncome 0.393 (0.215) 0.000 (0.041)
NPDxAge 0.032 (0.026) 0.018 (0.005)
DKP -1.180 (2.750) -4.445 (0.454)
DKPxChurch -0.707 (0.511) -0.091 (0.053)
DKPxIncome 0.107 (0.295) 0.026 (0.045)
DKPxAge -0.092 (0.055) 0.001 (0.006)
N 1668 1668
Log Likelihood 1404.7 4468.9

5.2 The Independence of Irrelevant Alternativesifggion
The implausibility of the independence of irrelevaiternatives (IIA) assumption is
probably the most commonly cited objection agaidsicrete choice models. This
assumption pertains to both the multinomial/coodil logit model and the rank order
logit model (McFadden 1973; Hausman McFadden 19848.assumption holds that the
unobserved utilities are uncorrelated over choleerraatives, and that they have equal
variances for all alternatives. The IIA assumptemables a convenient form for the
choice probability and thus reduces computationatssconsiderably. In fact, [IA ensures
that the rank order logit model can be expressedthas product of consecutive
multinomial/conditional logit models (Beggs et 5981).

In electoral research, several scholars have argua&idthe IIA assumption is
unlikely to hold empirically for single-preferencata (e.g., Alvarez & Nagler 1998) or
to the extent that voter groups exist that aretpedy attracted to several parties at the
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same time (van der Brug et al 2007: 36). Probit @l®dire often seen as a relevant
alternative as they permit the researcher to modeklations across alternatives in the
unobserved utilities in the full covariance matrétowever, they are computationally
more demanding than logit models. Moreover, as @ehas (2001) points out, the
assumption of the unobserved factors being joindymally distributed is likely to be
violated for electoral utilities. Mixed logit modelre therefore a better alternative, as
they allow the unobserved utilities to be corredatecross parties and to follow any
distribution (e.g., Train 2003). In other wordse tHA assumption can be avoided by
using computationally more intensive  procedures nthathe  standard
conditional/multinomial logit modeéf.

The implausibility of the IIA assumption extendsa@lto electoral preferences
beyond first preference only. For such data, maitiral/conditional probit and rank-
order probit models (Hajivassiliou & Ruud 1994)miat assume IIA (but they do assume
multivariate normality), while mixed rank-orderezblt models (Calfee et al. 2001; Train
2003) provide complete freedom of specific disthidmal and correlational
assumptions® Thus, the IIA assumption can be avoided for finstference as well as for
more extensive preference ranking data in basitda#lysame way. (but see footnote 17).

Multinomial/conditional probit, rank-order probih@ mixed logit models make it
also possible to model heterogeneity in effect ipatars. However, all these methods
require some distributional assumption of randonfect$, while they also
computationally demanding. When using rank-ordegitlomodels, however, no
distributional assumption or computationally intertechniques are required if one is
interested in heterogeneity of effects (i.e., idesrto model inter-individual differences
of effects). Beggs et al. (1981) demonstrateddffatt parameters of party attributes can
be estimated for each respondent individually mkrarder models as long as the number
of heterogeneous effects is smaller than the nuoi@nked parties.

" A yet unresolved problem is that these modelgpesae to problems of non-convergence.

'8 Rank-order logit models are not limited to singhdom samples can be used in various settings. For
instance, rank-order models exist for panel datagédik & Liu 2006) and hierarchical data in general
(Skrondal & Rabe-Hesketh 2003).
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5.3 Arerespondents able to rank-order parties?

A concern that has already been voiced in earlyemapn rank-order logit models is
whether respondents are able to provide rankirthefe are many choice alternatives
(Chapman & Staelin 1982; Hausman & Ruud 1987). Bedpnts may be unable to
complete such a task because of unfamiliarity vaithalternatives. Alternatively, they
may be unmotivated to order multiple unattractiyetians. Respondents may lose
concentration when there are many options to beredd Ben-Akiva et al. (1992)
suggest that problems of motivation and orderinyy met pertain to strongly disliked
parties, but rather for intermediate parties thatreeither strongly liked nor despised. As
far as we know, no rigorous studies have been adgadunto the conditions under which
these potential problems actually occur.

If respondents would be less attentive in rankedst preferred parties, this will
generate heteroscedasticity, which results in andemd bias of parameter estimatg
order to avoid such problems, Chapman and StaE382) suggested to only use the first
few preferences and ignore lower ones. The chditlkeeo‘appropriate’ cutoff point may
be based on likelihood ratio tests that indicatenvimodel fit deteriorates significantly
due to additional ranking information. Hausman dRdud (1987) make a similar
suggestion using Hausman tests. Yet another wadgdbwith potential heterogeneity of
error for different ranks is to estimate a weightadk-order logit model in which less
weight is given to the lower preference rankingaysiman and Ruud 1987).

Van Ophem et al. (1999) suggest a procedure teatgireference rankings that is
meant to increase the efficiency of discrete chonmels while limiting the response
burden. In a first step, respondents are asketidose the 50 percent of the alternatives
that they prefer most, in a second step, they sdtem this group the 50 percent
alternatives that again is most preferred, and onlye final step are respondents asked
to rank order the alternatives from the most pret25 percent. The resulting data can
be analyzed with van Ophem et al.’s (1999) multichdogit model.

The solutions to error heterogeneity by rank that@oposed by Chapman and
Staelin (1982), Hausman and Ruud (1987) and vane@pét al. (1999) have all in

! Hausman & Ruud (1987) point out that, even if paters would be biased downwardly, the ratio of
parameters may still be correct irrespective oétustcedastity caused by different levels erroravere at
different ranks.
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common that they apply the same restrictions teesipondents. In contrast, van Dijk et
al. (2007) recognize that the ranking ability m#fed across respondents. They therefore
suggest to model unobserved heterogeneity in relgmas’ ranking ability in form of a
latent class rank-order logit model (van Dijk et 2007), in which the capability of
respondents to perform the ranking task is endagerno the ranked preferences
themselves.

It is not often recognised that differences in exrariance at different ranks of
preference (or between different groups of respotsjeor for different parties) also
affect standard discrete choice models of firstgyemces. Chua & Fuller (1987) and
Hausman et al. (1998) suggest procedures to cdaeetror heterogeneity in the case of
single preference data. To the extent of our kndgdethese procedures have never been
used in electoral studies, in spite of the weaftraandom utility applications on the basis
of first preference data. In conclusion, for fied¢ctoral preferences as well as for more
extensive observations of preference rankings iatyasf procedures exist to test for, and
to correct for the potential biasing effects ofdregeneity of error. To the extent that
such heterogeneity is located in depth of prefereramkings, the identification of the
nature of this heterogeneity could be used to deter the optimal depth for a given
political system, so that it would not be necesgsaryollect full preference rankorder
data. Alternatively, if full rankorders are avai@lone could ignore the biasing parts
thereof (following Hausman and Ruud), or explicitipdel them (van Dijk et al.)

Yet, one may wonder how likely these problems areelectoral research. The
discussion of these problems in the literature prasarily motivated by applications in
market research where respondents were requestad\me preference rankorders for
very large sets of products, many of which are eorably unknown to many
respondents. In many electoral contexts, howeterset of parties is small&rand in
stable party systems cumulative learning allowstrmoters to become familiar with the

2 Nevertheless, in most countries ballots contaitiggawhich are entirely unknown to most votersg an
which generally win hardly any votes. In PR systesush as the Netherlands and lItaly, the number of
parties on the ballot can easily exceed 30 —of wihéss than 15 have any chance of winning seats in
parliament. Even in US presidential elections theber of candidates for President may approacm10 i
some states.
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various partied’ In the 1972 German election data, the very largajority of
respondents had no problems at all with the rantasg.

6. Costs and trade-offs

The simulations and empirical analyses presentdkeiprevious sections lead to a single
and simple conclusion: asking more electoral pegfee questions in voter surveys than
only ‘what party did you vote for’ is the basis fdramatically increasing the efficiency
of empirical models of electoral preference and iaho Yet, in most surveys
guestionnaire space is a scarce and costly comypoalitd proposals to add more
preference questions have to compete with othgsgs@s, which commonly involve
more extensive measurement of independent variablesiew of the long-standing
neglect for the measurement of the dependent \ariabelection studies, our default
expectation would be that requests for asking emtdit electoral preference questions
would tend to lose out in this competition. In sigw, that would be unfortunate and it
would continue the discipline’s disregard for t®te’ business should Be.

There is, however, an argument that advocatesooé mxtensive measurement of
electoral preferences could use that would not ontyease their chances of being
successful, but even to acquire the warm supportp@ponents of competing
guestionnaire proposals. Increased efficiency @ms of smaller standard errors of
parameter estimates) implies that the same praceasovould be obtained from only the
measurement of first-preferences, can be obtaingdarsmaller sample.

Since sample size and sampling error are relate@ fion-linear fashion), the
required number of respondents to achieve somel lelveaccuracy can often be
dramatically reduced if more extensive preferenarking data are available. For

instance, exactly the same precision that wouldob&ined from a sample of 1000

2 There are two interesting corollaries to the phesmon of cumulative learning. The first is that ygu
cohorts have had less time to learn and familiatieenselves with the parties on offer. They wiligh
ceteris paribus, display higher error variancehieirt preference rankings. Second, inability to jev
preference rankings for all parties may be a reatblem for all voters when the party system islux,fas

is often the case in new democracies (cf. the cmsnof Central and Eastern Europe) or when a party
system has recently collapsed (cf. Italy in thergdallowing the implosion of the post-WW?2 partystsm

in 1992).

% For a more elaborate discussion on this topicyaaaler Eijk 2002.
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respondents who are only asked about their firsttetal preference could also be
achieved from a sample of 640 respondents if stanei@ors could be reduced by 26%.
From Table 3 we know that such a gain in efficiefagd sometimes more) can be
obtained for multinomial as well as for conditiodagit models by only adding to the
guestionnaire an item about second electoral meder. Particularly in face-to-face and
telephone surveys the marginal costs of additisegpondents is far greater than the
marginal costs of additional questionnaire itenmsother words: a small reduction in
sample size, would easily pay for more extensivasuement of electoral preferences,
while even still leaving money to spare for extreestions on independent variables.

The apparent win-win situation sketched above migtok a bit like
‘arithmethique Hollandaisé” Common objections to it would argue that the syata
to be collected are intended to serve more purpdises only the estimation of
multivariate models of electoral preference. Whetrenot that objection would be valid,
depends of course on what the research prioritex® what motivated the study in the
first place. In the case of election studpes seit should not be valid, but such a verdict

requires an explicit perspective on their ‘coresimess (see also footnote 22).

7. Conclusion and discussion

The most important conclusions of the previousisestare, first, that voter surveys
should contain more questions about electoral preées than the ubiquitous first
preference question, and second, that analystddshitilise such additional information
when available. This would greatly enhance theckificy of empirical models of
electoral preference and choice. The costs fomextg questionnaires with the required
small number of additional items could easily benpensated by slightly smaller
samples, which then would still provide more inféral power than if only first

% The ratio of the standard errors in Table 3 att@p(only first preference) and depth 3 (firstspaecond
preference) gives the increase in efficiency. Tthease of this ratio times the original sample gizes the
sample size that would yield the same inferentiatigion as the original sample if the additiongpth of
preference rankings would be available.

4 This derogatory term was coined in 1815, wheratiea currently known as Belgium was incorporated in
the Kingdom of the Netherlands. A new constituticas rejected by a majority of a consultative grotip
distinguished citizens, but by counting the ab&estas being in favor King William | declared thia¢
constitution enjoyed popular support.
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preference had been asked. Alternatively, undért tijdgets the increased efficiency
could be used to further reduce sample size inraalée able to afford more items on
other variables (usually independent variablesihout sacrificing any statistical power
in comparison to a larger sample that would onlasked about first preferences.

These conclusions are of obvious importance ferdésign of questionnaires in
multi-party systems. In the US context they arelesfs relevance for the study of
Presidential and Congressional elections, which @erwhelmingly of a 2-party
character, thus not allowing greater depth tham Zprieference orders. In the few
instances, however, that viabl& Party candidates appear, it would be invaluable to
probe for further electoral preferences than ohéyfirst. Moreover, primary elections are
very much like multi-party contests, and analydtpramaries would thus benefit greatly
from such more extended preference measurement.

Great care should be given to the formulationuzhsadditional preference items,
particularly with respect to the focus of preferesicWhen studying electoral preference
and choice, the questions must be focused on toedl context and voters choice
process therein, and not on something else. Them&edata that we used for illustrative
purposes in section 5 contained a preference rgrikiparties that was —unfortunately—
worded in terms of sympathy or liking (dependinghaw one would like to translate the
German text). Yet, for all kinds of reasons it cainipe taken for granted that a ranking in
terms of liking is the same as a ranking in term<lectoral choice. An extensive
comparison of thermometer questions (as used iAterican national election studies),
of like-dislikes of political parties (as used imetCSES), and of items explicitly focused
on the context of electoral choice revealed thaingy’ and ‘feeling’ are at best
contributing factors to utility, and thus to ele@tochoice, but they are not the same (van
der Eijk and Marsh 2007).

The efficiency gains that can be made from askibgut additional preferences
derive from the increase in the number of observweta-individual preference
comparisons. As mentioned in section 2, such inglasidual comparisons can also be
obtained from another observational approach thafegncerankings namely asking
respondents toate (in absolute terms) their electoral preferenceefach of the parties.

That approach has become popular in European dsntelere it has become a standard
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component in questionnaires of the European elestiodies (conducted every 5 years at
the time of the direct elections to the Europeanlidaent), of the Dutch national
election studies, the Irish national election stgdand a variety of other voter studies. In
addition to providing the necessary intra-individeamparisons to enrich analyses of
voters’ choice calculus in much the same way astiated in this paper (albeit with the
use of different analytical model®)the rating approach has been applied successfully
for analyses of electoral competition, and for cweemning analysis problems in
comparative studies, which arise from the uniquaratter of each country’s party
system. Under which conditions which of these twpraaches will be more appropriate
or more productive is a topic for further studyt ius abundantly clear that they both
allow analytical, theoretical and empirical progrds/ providing empirical information
on more intra-individual preference comparisonsthvauld otherwise be available from

first preference questions.

% As indicated earlier, these ratings can be coadértto rankings, which are usually partial ranking
owing to ties in the ratinmgs. Yet, the typical trepf preference rank information that would beadrixd

in this way is between 3 and 4 for the member stat¢he EU. As can be gauged from Table 3, supthde
of preferential information will yield most of tredficiency gains that would accrue from full rangin
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