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Empirical researchers studying party systems often struggle with the question of how to count parties.
Indexes of party system fragmentation used to address this problem (e.g., the effective number of parties)
have a fundamental shortcoming: since the same index value may represent very different party systems,
they are impossible to interpret and may lead to erroneous inference. We offer a novel approach to this
problem: instead of focusing on index measures, we develop a model that predicts the entire distribution
of party vote-shares and, thus, does not require any index measure. First, a model of party counts predicts
the number of parties. Second, a set of multivariate t models predicts party vote-shares. Compared to
the standard index-based approach, our approach helps to avoid inferential errors and, in addition, yields
a much richer set of insights into the variation of party systems. For illustration, we apply the model on
two data sets. Our analyses call into question the conclusions one would arrive at by the index-based
approach. Software is provided to implement the proposed model.

1 Introduction

Electoral competition takes a great variety of forms. Polities differ in the number of parties that compete
for office, the relative strength of competitors, and the political importance of minor parties. This variety
has been an object of voluminous literature in institutional theory and comparative politics (Duverger
1954; Lipset and Rokkan 1967; Riker 1982; Cox 1997; Clark and Golder 2006). What explains variation
in the size of party systems? Why is electoral competition sometimes dominated by one party, whereas in
other instances, many parties are equally competitive?

A key question in empirical analysis of these questions is “How to count the parties?” In a typical
setting, this is not a simple question to answer. Consider the most recent elections in the United Kingdom.
The two largest parties, the Conservatives and the Labour, shared two-thirds of the votes. The third largest
party, the Liberal Democrats, received one-fourth of the votes. In addition, there were almost 50 other
parties whose support varied from a few hundred to almost 1 million votes. Which parties should one
count as “relevant”?

A standard practice in dealing with this issue is to use anindexof party-system fragmentation, which
weights parties according to their relative sizes. For example, the most famous of such indexes, “the
effective number of parties” (ENP) (Laakso and Taagepera 1979), is the reciprocal of the sum of squared
vote-shares. This way, the index discounts smaller parties at the expense of larger ones. Other indexes are
designed in a similar fashion (Rae 1967; Molinar 1991).

Although this indexing approach is attractive in its simplicity, it has an irreparable flaw: the same value
of an index can represent substantively very different party systems. Accordingly, when index measures
of fragmentation are used in a regression analysis, they may lead to erroneous inference: an analysis might
suggest thatx has an effect on party systems while the true effect is zero (or vice versa). For the very same
reasons, the predictions of a model that uses index measures of fragmentation are impossible to interpret
in a politically meaningful way.

Author’s note:I am grateful Emerson Niou, Iulian Pruteanu-Malinici, Matthew Singer, and two anonymous reviewers for useful
comments and suggestions. All errors are mine. Supplementary materials for this article are available on thePolitical AnalysisWeb
site.
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Researchers have been expressing their unease about this property of the ENP (Grofman, Bowler, Blais
2009, p. 6), but no viable solution has been offered to date. Methodologists have been approaching this
problem by offering alternative indexes of party system size (Molinar 1991; Dunleavy and Boucek 2003;
Golosov 2010). However, this approach is not effective since no one-dimensional measure can adequately
represent multidimensional data on party systems; thus, each alternative index measure will face the same
set of problems as the ENP.

Hence, in this paper, we move away from summary indexes to propose a new approach to the analysis
of party systems. We develop a statistical model that does not require any index measure. The model
predicts theentiredistribution of party vote-shares instead of its one-dimensional summary measure. In
this way, the problem that the index measures face (what kind of party system does a given index value
represent?) does not even arise. The proposed model prevents inferential fallacies that are easy to make
when index measures are used. In addition, such a model has a meaningful interpretation and yields a rich
set of insights into variation of party systems.

A party system is a multifaceted entity and can be studied from various perspectives. Recent method-
ological literature has focused, among other things, on party system volatility (Mustillo 2009), ideological
compactness (Alvarez and Nagler 2004), and polarization (Rehm and Reilly 2010). By contrast, the size
of a party system has received much less attention in the literature beyond the above indexing approaches.
Our treatment of the data on party systems draws attention to their multidimensional nature, thereby con-
tributing to the wider debate in the recent methodological literature on the value of multi-dimensional
measures in understanding complex social and political phenomena (Selway 2011).

It is important to specify the relationship between the model presented in this paper and an important
class of models of multiparty elections (Katz and King 1999; Honaker, Katz, King 2002; Tomz, Tucker,
Wittenberg 2002; Jackson 2002). Although our model for party systems’ analysis shares some formal
similarities with these models of multiparty elections, they have very different purposes. The multiparty
election models were devised to approach research questions like “How does a variablex affect vote-
shares of the British Labour, Conservative, or Liberal party?” Unfortunately, these models cannot be used
to study questions as “How does a variablex affect the number of competitive parties across the British
electoral districts?” or “How doesx affect the size of party systems across the nations?” Indeed, since the
multiparty election models label parties by their names, they cannot be applied in a cross-national setting
because different countries have different sets of parties.

Many theories in comparative politics make predictions about party systems and not particular parties.
To take one example, the Duverger’s law predicts that under plurality system, there will be two “serious”
political parties (Duverger 1954). For such theory, the only relevant information is whether the two largest
parties have similar vote-shares and whether the remaining parties, if they exist, have substantially smaller
vote-shares. Consider three possible distributions of votes in Table1. If one is interested in testing the
Duverger’s prediction, the three distributions of vote-shares ought to be treated as equivalent since they
all have only two competitive parties. However, these distributions are clearly different if one is interested
in vote-shares of particular parties. Beyond the above-mentioned indexing approaches, the literature has
not yet offered a rigorous method for researchers interested in characteristics ofparty systemsas opposed
to the electoral fortunes of particular parties.1

The paper proceeds as follows: First, I briefly discuss the main shortcoming of the index measures of
fragmentation, focusing on the most widely used measure, the ENP. Second, I present a new statistical
model for analysis of party systems. Third, the model is applied to Japanese electoral data and to one cross-
national data set to address the classic question in comparative politics: How does district magnitude and
social diversity affect party systems?

The paper is accompanied by an open source software package “ocomposition,” which implements the
proposed methodology and is available for download at the Comprehensive R Archive Network (CRAN):
http://CRAN.R-project.org/package=ocomposition.

1Other theories that make predictions about party systems include theM +1 theory byCox(1997) or theories of spatial competition
with endogenous number of parties (de Palma, Hong, and Thisse 1990; Myerson and Weber 1993; Osborne and Tourky 2008).
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Table 1 An example of three distributions of votes that are equivalent if the focus of the research is party systems
and not the vote-shares of particularparties

D1 D2 D3

Party A 50 50 0
Party B 50 0 50
Party C 0 50 50

2 Revising the ENP

The most popular measure of party system fragmentation is ENP, introduced byLaakso and Taagepera
(1979). ENP is the reciprocal of the Herfindahl–Hirschman index used to study market concentration and
is defined as 1

/∑
i v2

i , where(v1, . . . , vn) are the vote-shares of parties. ENP is a function of an older
but less widely used index of fractionalization byRae(1967), defined as 1−

∑
i v2

i .
The ENP is a widely criticized measure. For instance,Molinar (1991) argued that the ENP can exag-

gerate party fragmentation: a high ENP can be associated with a party system where one political party
dominates others. Other critics have pointed out other properties of party systems that the ENP may either
hide or fail to represent (Rae 1967; Bogaards 2004; Dunleavy and Boucek 2003; Golosov 2010). The
general problem with the ENP (or in fact any other scalar measure of fragmentation) is that the same ENP
value can represent dramatically different party systems.

To see just how significant this problem may be, consider Fig.1. Here, each distribution represents a
party system with three effective parties. The differences between these party systems are indeed striking:
The first party system is that of three equally strong parties. The second party system would conventionally
be called a two-party system with a few smaller parties. The third party system has one clearly dominant
party with a majority of votes. There is really nothing common among these three party systems; yet, they
all have the same number of effective parties.

This lack of correspondence between the ENP values and the party systems that they represent has
serious implications for empirical research. In particular, a regression analysis that uses the ENP (or other
indexes) cannot be reliably employed to either verify or falsify theories of party competition. Suppose
a regression analysis estimates that a variablex has no statistically significant effect on the ENP. Does
this serve as the evidence thatx has no effect party systems? There are two possibilities: either the effect
indeed is zero or it could not be identified because the ENP does not discriminate well between very
different party systems. One simply cannot know which is the case. Thus, when the ENP is used, many
good hypotheses can be falsely rejected and many bad hypotheses can be falsely accepted.

Consider an example from the literature.Cox(1997) has estimated that decreasing the number of seats
in a district from 10 to 1 reduces the number of parties “by almost a full (effective) party to 2.09” (p. 214).
The result is then interpreted as substantially important because it corresponds to a difference between

Fig. 1 In all three cases, the ENP is the same, but the party systems that the index is supposed to represent are
enormously different.
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“essentially a two-party legislative system with mostly single-party governments to a two-and-a-half or
three-party legislative system with coalition governments as a norm” (p. 217). This interpretation of the
analysis is wanting for two reasons.

First, a party system with more than two effective parties can be a system where coalitions are un-
avoidableor a system where coalitions are not at all necessary (compare the first and the third panels
in Fig. 1). Second, two effective parties can represent a system, which in no way resembles a two-party
system. Suppose the votes are distributed as follows:(0.67, 0.2, 0.08, 0.05). Such a party system would
have two effective parties (ENP= 2.01). Yet, it would clearly be better characterized as that with one
dominant party. Thus, the ENP measure yields a noninterpretable result. Wecannotknow what a reduction
“by a full effective party” means in political terms: it may mean increasing competition among multiple
parties or it might mean increasing dominance by a single party. Thus, we cannot use this analysis either
to support or to reject the claim that district magnitude increases party system size.

If the ENP has these serious flaws, what is the alternative? Scholars so far have been focusing on
devising alternative scalar measures of party system fragmentation (Molinar 1991; Dunleavy and Boucek
2003; Golosov 2010). Unfortunately, since these alternative indexes are also scalar measures, they, by
definition, suffer from the same basic flaw as the ENP. It is understandable why so much focus has been
paid to the index measures: they provide an easy way to conduct statistical analysis using simple statistical
tools as, for instance, linear regression. Simple methods require simple measures; thus, multidimensional
data on party systems is reduced to one-dimensional indexes. The above examples should make it clear
that such a reduction results in significant loss of information and misleading scientific inference. With
advancements in statistical modeling, there is little reason to focus on scalar measures. Instead of trying
to find the “holy grail” index of party-system fragmentation, the field would gain more by developing
statistical models that represent the inherent multidimensionality of data on party systems.

3 Model

Let i = 1, . . . , N denote the unit of analysis (e.g., a country or a district). Let vvvi = (vi 1, . . . , vini ) denote
the vote-shares of parties, where

∑
j vi j = 1. Here,ni ∈ [1, 2, . . .) is the number of parties (or candidates)

in a unit i . The vote-shares of parties are arranged in descending order:vi 1 > vi 2 > . . . vini > 0. In this
notation, if we havevi j , then the first indexi refers to the unit of analysis and the second indexj refers
to therank of the party. Such ordering of vote-shares is necessary if one is interested in comparing party
systems irrespective of the parties’ names. Therefore, in our model, we label parties by their rank and not
by their name as is done inKatz and King(1999). In sum,(ni , vvvi ) for i = 1, ..., N, such that

∑
j vi j = 1

andvi 1 > vi 2 > . . . vini > 0 constitutes the data on party systems.
Analysis of data that are in the above form raises two major difficulties. First, these data arecom-

positional: vote-shares are constrained to the(0, 1] interval, and they must sum up to one. Methods for
compositional data analysis have long been developed (Aitchison 1982). Second, the data on party sys-
tems areordered: the goal is to predict the vote-shares of parties arranged from the largest to the smallest
party (or vice versa). This second feature is what distinguishes the model proposed in this paper from the
models of multiparty election data (Katz and King 1999; Jackson 2002; Honaker, Katz, King 2002; Tomz,
Tucker, Wittenberg 2002), which label parties by their names. Models for ordered compositional data, to
our knowledge, have not yet been developed.

Though the model in this paper is motivated by the data on party vote-shares, its application does not
have to be restricted to this domain. The model can be applied in many other contexts where ordered
compositional data appear. For instance, it might be of interest to predict the distribution of seats in par-
liaments (as an alternative to the “effective number of parliamentary parties”), the allocation of portfolios
in coalition governments, or the distribution of ethnic groups (labeled by their rank).

3.1 Choice of Transformation

A standard approach in compositional data analysis is to transform the compositional bounded variables
vvv into noncompositional unbounded variables yyy. Such transformation allows employing the conventional
tools of multivariate analysis. We use the following transformation:

yyy = (y1, y2, . . . , yn−1) = (l (v2/v1), l (v3/v2), . . . , l (vn/vn−1)). (1)
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Here,l (∙) is a logistic function,l (x) = ln
( x

1−x

)
. Note that this transformation is well defined only for

v j > 0. The vote-shares vvv can be obtained from yyy by solving the following system of equations:

v j +1 = v j l
−1(yj ) ∀ j = 1, . . . , n − 1 (2)

s. t.
∑

j

v j = 1.

This transformation differs from the conventional one used in compositional data analysis. Following
Aitchison (1982), Katz and King(1999) use a transformationyj = ln(v j /vJ), wherevJ is the refer-
ence party. Here we do not use the Aitchison’s transformation because, when applied to ordered data, it
leads to a cumbersome model. For instance, using transformationyj = ln(v j /v1) yields random variables
(y1, . . . , yn−1) that are unboundedbut ordered:v1 6 v2 6 . . . vn implies thaty1 < y2 < . . . < yn−1.
However, to apply the standard tools of multivariate analysis, the transformed data must be both un-
bounded and unordered, which is impossible to attain using the Aitchison’s transformation. In contrast,
the transformation in (1) yields random variables yyy that are both unbounded and unordered, making further
analysis of the transformed data relatively easy.

3.2 Data-Generating Process

We treat the transformed data yyy as an outcome of a two-stage stochastic process: First, a stochastic count
process generates the number of parties taking part in the elections. Second, a stochastic multivariate
process determines the distribution of the each party’s vote-shares. Formally, letD = max(ni ) − 1 (so
D + 1 is the largest number parties in the data set). Then, the model for the number of partiesni and their
transformed vote-shares yyyi is given by

ni ∼ πn (3)

(yi 1, . . . , yi D )
∣
∣ni ∼






Tν
(
μμμi,[1: j ],Σ[1: j,1: j ]

)
for j < ni

1(yi j = NA) for j > ni .
(4)

Here, the number of parties,ni ∈ [1, 2, . . .), is assumed to follow a distributionπn (the particular choice
of a distribution is discussed below). Further, the firstni −1 elements of yyyi follow a multivariate Student’s
t distribution withν degrees of freedom, the vector of meansμμμi,[1: j ] and the covariance matrixΣ[1: j,1: j ] .
The remainingyi s are treated as the “missing data” (here the indicator function1(∙) is used to represent
a degenerate distribution). Since we observe the vote-share ratios of onlyni − 1 parties, the remaining
vote-share ratios are missing data.

In our notation,μμμi,[1: j ] refers to the firstj elements of the “full” vector of meansμμμi = (μi 1, . . . , μi D )
andΣ[1: j,1: j ] refers to the submatrix of the “full”D × D covariance matrixΣ . For example, ifni = 2,
thenyi 1|ni is from a univariatet distribution with locationμi 1 and varianceΣ[1,1], and(yi 2, . . . , yi D ) are
missing values. If, however,ni = D + 1, then yyyi |ni ∼ Tν

(
μμμi ,Σ), and yyyi contains no missing data.

The model in equations (3–4) is a realistically appealing representation of the electoral process: first, a
number of parties decide to run in a race; second, voters distribute their votes across those parties. Note
that themarginal distribution of yi j is a mixture of Student’st distributions:π(yi j ) =

∑∞
x=2 Pr(ni =

x − 1)Tν(μi j ,Σ( j, j )), where Pr(n) is the probability mass function from the model in (3).
Following Katz and King(1999), we model latent vote-shares using a multivariatet distribution. Po-

litical methodologists have debated the advantages of usingt distribution over the normal distribution
(Honaker, Katz, King 2002; Tomz, Tucker, Wittenberg 2002). When the data contain many outliers, the
t model may yield different results, compared to the normal model. Since it represents a more general
version, we base our model on the multivariatet distribution. If needed, thet model can be easily turned
into a normal model by simply settingν = ∞.

Although conceptually appealing, the model in equations (3–4) poses computation difficulties due to
the missing data: depending on the observedni , the dimensionality of the multivariatet distributions
will vary across the districts, making it difficult to estimate parametersμμμ andΣ . A more convenient
representation of the model employs latent variables:
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ni ∼ πn (5)

(zi 1, . . . , zi D ) ∼ Tν
(
μμμ′

i ,Σ) (6)

yi j =

{
zi j if j < ni

NA if j > ni .
(7)

Here,(zi 1, . . . , zi D ) are partially observed latent data, representing the transformed vote-shares of the
parties. That is, for a givenni , (zi 1, . . . , zi,ni −1) are observed data and(zini , . . . , zi D ) are unobserved
latent data. Equation (7) relates the model of party counts in equation (5) to the incompletely observed
data on party vote-shares modeled by equation (6). The advantage of this specification is that, conditional
on zzzi , μμμi andΣ are independent of the partially observed data yyyi . This way we can use an efficient Gibbs
sampling algorithm to estimate the parameters of the model.

To model party countsni , we suggest atruncatednegative binomial distribution, with meanλi and
dispersion parameterw: ni ∼ NB(λi ; τi , w)1(l i 6 ni ). Here,l i stands for the lower bound of party counts
in a districti . We suggest the use of a truncated distribution because, in many settings, it is unreasonable
to use a model that ascribes nonzero probability to certain party counts. For example, a researcher could
be interested in modeling the distribution ofcandidatevote-shares as a function of the district magnitude
Mi . In such a case, it makes sense to assume thatni > Mi ; otherwise, the model could predict that
fewer candidates in a district than available seats. In the application section, we give another example
wherel i > 0 is a reasonable option. Of course, if needed, one can setl i = 0, yielding the usual negative
binomial model.

The predicted party systems are related to the covariates of interest by two sets of regressions. First,
the mean party count in a districti is given byλi = exp(βββ ′qqqi ) for eachi = 1, . . . , N, whereβββ is a vector
of regression parameters, and qqqi is a vector of covariates for the count model. Similarly, the means of
the latent variables zzzi are given byμi j = γγγ ′

j xxxi for each j = 1, . . . , D and eachi = 1, . . . , N. Here,
γγγ j is a vector of regression parameters, and xxxi is a vector of covariates for the party vote-share model.
Note that depending on the goals of analysis, qqqi and xxxi might be the same or different. For a data set with
K covariates and a maximum number of parties equal toD + 1, the model estimatesK ∙ D regression
parametersγ and aD×D covariance matrixΣ . In sum, the model is a composition of a truncated negative
binomial regression and a set of multivariatet regressions.

3.3 Hierarchical Priors and Shrinkage

The model contains two sets of parameters: count model parameters(βββ,w) and vote-share model
parameters(γγγ ,Σ). Whereas the first set of parameters can be easily estimated in the maximum likeli-
hood framework, the second set of parameters is difficult to estimate when the data contain districts or
countries with many parties (D is large). The estimation requires integrating over the latent variables zzzi ,
which becomes an increasingly difficult task whenD is large. This is a usual problem in compositional
data analysis, which can be overcome fairly easily in the Bayesian framework (Butler and Glasbey 2008).

There is one more reason why a Bayesian approach is useful in this setting. In many cases, there will
be only a few observations to estimate parametersγ jk when j is large. For example, in the Japanese
electoral data that we analyze later in the paper, there are only two districts that have more than seven
parties. Consequently, it is difficult to estimate parameters, which control the vote-shares of the eighth
and ninth largest parties(γ8,1, . . . , γ8,K ). In fact, it might well be the case that, for largej , there are more
parametersγγγ j to be estimated than available observations. The same problem appears in estimating the
covariance matrixΣ .

A Bayesian framework provides a remedy to this problem. We can specify a hierarchical prior structure
for parameters(γγγ ,Σ) and allow information borrowing across the parameters (Gelman et al. 2003, Ch.
5). This way the estimates are shrunken toward their common mean: parameters that cannot be estimated
precisely (e.g.,γ jk when j is large) are moved toward the estimates of the parameters that are estimated
with higher precision (e.g.,γ jk ’s when j is small). This hierarchical model could be seen as a compromise
between a model that assumes fully homogeneous effects (a covariatek has the same effect on the vote-
shares of each party) and a model that assumes fully heterogeneous effects.
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It is a standard approach in the literature on hierarchical models to choose conditionally conjugate
priors for regression coefficients and shrinkage parameters (Gelman et al. 2003, Ch. 5). Such priors lead
to an efficient computation of the posterior distributions. For our model, conditional conjugacy is attained
by assuming for each covariatek = 1, . . . , K ,

(γ1k, . . . , γDk)|mk, tk ∼ N (mk, tk) (8)

π(mk) ∝ 1 (9)

1/tk ∼ G(a, b). (10)

Here, party-specific regression coefficients(γ1k, . . . , γDk) are shrunken toward their common mean
mk, which is estimated from the data. The hyperparametertk controls the degree of shrinkage and is also
estimated from the data. We assume that eachmk has a flat (improper) prior and each 1/tk is drawn
independently from a gamma distribution with meana/b and variancea/b2. We choosea = b = 1e− 3,
resulting in a very vague prior distribution for the parameter 1/tk. Note that the prior variance for all
these parameters is very large and, therefore, the assumed priors can have only a negligible effect on the
estimates.

Furthermore, we assume thatΣ is from an inverse Wishart distribution:Σ ∼ IW(w1, w2III). We let
w1 = h+ D+1 andw2 = hs. This implies that a priori,E(Σ |s) = sIII. In this parameterization,h controls
the degree of shrinkage toward the average residual variance,s. It is assumed that a priori(h, s) are from
a standard bivariate log-normal distribution. Notice that these are the hyperparameters of the model and
so the prior distributions can have only a minor effect on the parameter estimates. FollowingLiu (1996),
the degrees of freedom parameterν is given a noninformative distributionπ(ν) ∝ ν−21(ν > 1).

Lastly, for the negative binomial regression, we assume noninformative improper priors for the regres-
sion parameters,π(βββ) ∝ 1, whereas the dispersion parameterw is given a log-normal distribution with
mean equal to 1 and variance equal to 100 (a larger variance does not change the results but slows down
the convergence of the sampling algorithm). Marginal posterior distributions of the parameters are com-
puted using Markov chain Monte Carlo methods. The sampling algorithm is described in Section A1 of
the supplementary material.

3.4 Interpretation and Prediction

How do we judge if a variablexk has a substantial effect on the party system? Depending on the goals of
a study, there are several ways to analyze the output of the model. First, we suggest to look at the count
model parameterβk, which measures the effect ofxk on the average party count, and the vote-share model
hyperparametermk, which represents the average effect of the covariatexk on the party vote-shares. Ifmk

is large and negative, it indicates that asxk increases, the party system approaches that of highly uneven
distribution of votes. Conversely, ifmk is large and positive, then increasingxk leads to a party system
with an even distribution of vote-shares.

In principle, if the estimates of bothβk andmk are significantly far away from zero, there is strong
evidence thatxk has an effect on party systems. The direction of this effect can be evaluated looking at
the signs of the parameters. For instance, scholars are often interested in the size of party systems. One
could define a party system as “large” if it has many partiesand if the votes are distributed evenly—there
are many competitive parties. In this case, one would say thatx increases the size of a party system ifβk

andmk are positive. Whenβk is positive, whereasmk is not, we can say thatxk increases the number of
parties but not the size of a party system as the smaller parties are not competitive.

Second, if a researcher wants more precise knowledge as to howxk affects vote-shares of individual
parties, one can study regression coefficientsγ jk . If, say γ1k is negative, then increasingxk, increases
the vote-share gap between the first and the second largest parties. Alternatively, one can study how the
predicted vote-shares of each party change as a function ofxk.

Third, the most informative way to interpret the results is by setting the explanatory variables to the
values of interest and then simulating a predicted party system or simulating several predicted party sys-
tems and comparing them. The simulation procedure is described in Section A2 of the supplementary
material.
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When analyzing the predicted party systems, it is important to know whether the difference between
two predicted party systems is significant in statistical terms. We provide a simple method to measure
the uncertainty about predicted party systems. LetΘ refer to a set of parameters of the data generating
process and let̂vvv(x′x′x′|Θ) andv̂vv(x′′x′′x′′|Θ) be two predicted party systems given covariate values x′x′x′ and x′′x′′x′′,
respectively. Letd be the distance between these two party systems defined as

d(x′x′x′, x′′x′′x′′) =
1

2

D∑

i =1

∣
∣
∣v̂i (x

′x′x′|Θ) − v̂i (x
′′x′′x′′|Θ)

∣
∣
∣. (11)

The metricd is equal to zero if the two party systems are exactly the same and it approaches 1 as
two party systems become increasingly different. Sinced depends on a set of unknown parametersΘ, it
is a random variable. We can use the following expression to measure uncertainty about predicted party
systems:

πε = Pr
Θ

[d(x′x′x′, x′′x′′x′′) > ε]. (12)

πε is the posterior probability (calculated with respect to the joint posterior distribution of all unknown
parametersΘ) that the distance between two predicted party systems is at leastε, whereε ∈ (0, 1) is
a chosen threshold. For most practical purposes, the distance of less than 0.1 corresponds to essentially
equivalent party systems. Thus, we suggest usingε = 0.1 in empirical applications.2 If the posterior prob-
ability πε is small, then the difference between two predicted party systems can be said to be statistically
intractable.

4 Applications

One of the most widely studied questions in comparative politics and institutional theory is “How do elec-
toral institutions and social diversity affect party systems?” (Duverger 1954; Ordeshook and Shvetsova
1994; Cox 1997; Clark and Golder 2006). In this section, we apply our model to two data sets. First,
we analyze district-level party systems in Japan. Second, we analyze how the average district magnitude
affects national party systems across 40 nations. The data and the code used in the analyses are available
athttp://hdl.handle.net/1902.1/16637.

4.1 District-level Party Systems in Japan

Here we analyze the data on district-level party systems in Japan from 1960 to 1993 (Reed n.d.), which
were used byCox (1997) to study the effects of district magnitude and social diversity on party systems.
In his study, Cox regressed the ENP on district magnitude, urbanization (a proxy for social diversity), and
their interaction (plus the lagged dependent variable and year dummies). A simple regression of the ENP
on these covariates leads to the conclusion that both district magnitude and urbanization have statistically
significant positive effects on the size of party systems and that these effects are interactive.

Using the same set of covariates,3 we arrive at somewhat different conclusions. Table2 reports the
summary estimates of the negative binomial regression parametersβββ andw as well as vote-share model
hyperparameters mmm andν. District magnitude and urbanization increase the raw number of parties. How-
ever, the effect of these covariates is only additive since the credible interval of the interaction term in-
cludes zero.

Furthermore, in the vote-share model, only urbanization has a statistically tractable effect: the coeffi-
cientmu is positive (0.22) and its 95% highest posterior density (HPD) interval borders near zero. Thus,
compared to rural districts, urban districts have more partiesandthe votes across all parties are distributed
more evenly. In comparison, we do not observe strong evidence that district magnitude increases the size

2The choice ofε is akin to the choice of a rejection region in the classical hypothesis testing: ifε is close to zero, then the hypothesis
of no difference will be always accepted (πε = 1); if ε is close to one, it will be always rejected (πε = 0).

3The only difference is that, in the vote-share model, we also addni as the covariate to allow the relative vote-shares to vary with
the number of parties. For example, it could be the case that in a district with few parties, votes across these parties are distributed
equally only because there are few parties. This addition does not make difference for these particular data but it could make
difference when another data set is analyzed; hence, we suggest to use it as a general rule.
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Table 2 Posterior averages and 95% highest posterior density intervals. The interacted variables are centered
around the sample mean. Lagged counts and the year dummies were included in the countmodel

Count model Vote-sharemodel

β̂ 95% HPD m̂ 95%HPD

Intercept 0.52 [0.34, 0.69] −0.72 [−1.75, 0.33]
Magnitude,M 0.08 [0.05, 0.11] −0.14 [−0.34, 0.09]
Urbanization,U 0.08 [0.05, 0.10] 0.22 [−0.01, 0.42]
Magnitude x Urbanization −0.02 [−0.04, 0.01] 0.04 [−0.21,0.35]

ln(w) 14.38 [7.00, 24.92]
ν 15.59 [13.11,18.98]
N (districts) 1373 (141)
Correctly predicteda 79%
Mean absolute error 0.03
aPercentage of correctly predicted party vote-shares at the 5% tolerance level.

of the party system: the coefficientmM is negative (−0.14) and not statistically significant. Thus, increas-
ing district magnitude encourages entry of new parties but the overall distribution of votes across the
parties does not become more even.

We can also look at how district magnitude and urbanization affect each party’s vote-share individually.
Figure2 shows the change in predicted vote-shares of the parties as we change each variable by two units
(about 2 SDs) holding the other variables at their median values. Increasing urbanization reduces the
vote-share of the leading party by about 25%. In comparison, increasing district magnitude does not have
a statistically significant effect on the vote-share of the largest party as the 95% HPD interval crosses
the zero line. In fact, district magnitude has a statistically significant effect only on the vote-share of the
second largest party. This results has an important substantive implication: increasing district magnitude
increases the number of parties, which takes away the votes from the second largest party leading to a less
competitive party system.

Lastly, Fig. 3 showsaveragepredicted party systems given four constellations of the independent
variables (again, for both variables we chose 1st and 9th decile in the data). First, consider the upper
panel of Fig.3. In rural constituencies, as district magnitude increases, we observe more parties entering
competition. Remarkably, however, the smaller partiesdo not reduce the fortunes of the largest party.
Instead, as the number of parties grows, the vote-shares of the smaller parties fall; thus, the largest party
increasesits relative dominance in large-magnitude rural constituencies.

Now consider the lower panel of Fig.3. Here we see how district magnitude affects party systems in
urban districts. Notice, first, the difference between the urban and rural constituencies: in urban areas,
party systems are much more competitive as the dominant party does not exist. This is especially visible

Fig. 2 Median differences in predicted vote-shares with 95% HPD intervals as district magnitude and urbanization
change by two units (approximately 2 SDs) while holding other variables at their median values and setting year to
1993.
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Fig. 3 Average predicted party systems in Japanese electoral districts as a function of district magnitude and urban-
ization.πε is the posterior probability that the distance between the two predicted distributions is at leastε (here,
ε = 0.1).

in the lower magnitude districts where vote-shares of multiple parties are very close. However, as the
district size increases, two things start to change: there are more parties participating in elections and the
distribution of votes becomes less even. Remarkably, there are more parties taking part in elections but
the party system becomeslesscompetitive.

Figure3 also shows the posterior probabilities of difference between each predicted party system,πε .
These probabilities also suggest that the effects of district magnitude on party systems are very minor: as
we go from a three-seat to a five-seat district, the posterior probability of difference between the predicted
party systems (πε) is very small both in rural (0.08) and in urban districts (0.49). By comparison, the
predicted party systems are very different when we go from rural to urban districts as witnessed by very
largeπεs. As we suggested, the overall effect of district magnitude is minor because it significantly affects
only the second largest party.

These results call into question the notion that larger districts should have more competitive parties
(Cox 1997). Indeed, larger districts have more parties but not more competitive parties (where by ‘com-
petitive’ we mean parties with relatively large vote-shares). One possible interpretation of this result is that
electoral coordination fails in larger districts: more parties enter competition, their votes get split, and, in
turn, this benefits the largest party. On the other hand, in small districts, smaller parties coordinate their
behavior more effectively: they are more cautious about entering the competition and thereby splitting
their vote, which, interestingly, benefits the second largest party. Thus, electoral coordination seems to be
more successful in small districts than in large ones—a result in line with the theoretical argument byCox
(1997).4

We can draw several lessons from this analysis. First, larger district magnitude does not lead to a larger
party system, contrary to what the conventional analysis using the ENP measure would suggest. Instead,
our analysis suggests that larger districts have fewer truly competitive parties. Second, our model gener-
ated a set of novel findings about Japanese politics related to the effects of urbanization, the dominance of
the largest parties, and the effects of electoral institutions on the fortunes of the second largest party. None
of these results could have been generated using the conventional approach to party system analysis.

4I am indebted to Matthew Singer for drawing my attention to this point.
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Table 3 Summary of the posterior estimates for the negative binomial regression parameters and the vote-share
model hyper-parametersm

Count model Vote-sharemodel

β̂ 95% HPD m̂ 95%HPD

I 1.79 [1.64, 1.90] 0.09 [−0.06, 0.27]
ln(Magnitude) 0.03 [−0.02, 0.09] 0.09 [−0.01,0.19]
ln(w) 11.79 [4.31, 22.41]
ν 2.15 [1.61,2.79]
Elections (countries) 88 (40)
Correctly predicteda 78%
Mean absolute error 0.03
aPercentage of correctly predicted party vote-shares at the 5% tolerance level.

4.2 Party Systems Across Nations

In this section, we use the Comparative Study of Electoral Systems (www.cses.org) data to study the effect
of average district magnitude on national party systems. Our main purpose is to compare the conclusions
one would draw from the conventional index-based model and our proposed model. Thus, we include the
log of average district magnitude as the only covariate in our analysis. In a simple regression model that
uses the ENP as the dependent variable, the estimated effect of ln(Magnitude) is 0.30 with the standard
error of 0.07. This implies that going from a country with 1 seat per district to a country with 25 seats per
district increases the party system size by a full effective party. This would seem to be strong evidence
that electoral institutions have a substantial effect on party system size. However, as we noted before, such
a conclusion would be unwarranted given the properties of the ENP measure.

Our model suggests that the effects of the average district magnitude are statistically significant but
substantively they are vanishingly small. Table3 shows that increasing district magnitude increases the
number of parties and makes the distribution of party vote-shares more even—the lower bound of the 95%
HPD intervals for bothβ andm border near zero. However, in substantive terms, the effects are very small

Fig. 4 Average predicted national party systems as a function of average district magnitude.πε represents the poste-
rior probability that the distance between the two predicted distributions is at leastε (here,ε = 0.1).

ht
tp

s:
//

do
i.o

rg
/1

0.
10

93
/p

an
/m

pr
04

1 
Pu

bl
is

he
d 

on
lin

e 
by

 C
am

br
id

ge
 U

ni
ve

rs
ity

 P
re

ss

https://doi.org/10.1093/pan/mpr041


246 Arturas Rozenas

as can be seen in Fig.4. For instance, compare a predicted party with one seat per district to its counterpart
with 25 seats: statistically, they are hardly different because the posterior probabilityπε is only 0.54. This
means that the substantial effect of this change in district magnitude is too small to outweigh the statistical
uncertainty of the prediction. In other words, there is a 46% chance that the distance between these two
party systems is insubstantial (below 0.1 in this case). Only when we compare the predicted party systems
with 1 seat versus 100 seats do we start seeing the effect of district magnitude that is substantial enough
to outweigh the statistical uncertainty: here the probabilityπε increases to a reasonably large size of 0.84,
leading one to believe that given the uncertainty in the estimated parameters, these two predicted party
systems are very likely to be different.

This result suggests that the average district magnitude has a very minor effect on the size of a national
party system. This effect can only be traceable if we compare extremely small and extremely large dis-
tricts. When we compare polities with moderately different district magnitudes, the effect is practically
untraceable. An analysis that uses the ENP measure would greatly overstate the effect of the average
district magnitude on the size of national party systems.

5 Discussion

Political scientists are increasingly recognizing that complex social and political phenomena cannot be
studied using simplistic one-dimensional measuresSelway(2011). This issue is especially salient in the
studies of party systems. Though scholars have long been acknowledging the multidimensional nature
of party systems (Sartori 1976; Gross and Sigelman 1984), no systematic method has been developed to
analyze party systems statistically. This paper proposed a model that uses the data on party-systems in its
original multidimensional form instead of reducing them to an index measure and, in the process of this
reduction, losing important information. We have shown that this approach generates interpretable results,
helps to avoid errors of inference, and yields a great deal of insight into the variation of party systems.

To illustrate the richness of insights one can get out of the model, we applied it to two different data
sets. First, using district-level electoral data from Japan, we have shown that district magnitude does not
increase the number of competitive parties in Japanese electoral districts and that the effect of district
magnitude is in general much more moderate than the effect of urbanization. We have also identified a
very clear pattern of how electoral coordination fails in larger districts: more parties enter competition
but their votes get split up, which then benefits larger parties. Second, using cross-national data, we have
found that average district magnitude in a country increases its party system size. However, the substantive
effect of the average district magnitude is much smaller than the conventional approach of using the index
measures would suggest. These analyses were only of illustrative nature and future research could exploit
the proposed model in a more extensive study of these issues.

This paper presented a model where ordered compositional data represent dependent variables in the
analysis. However, it is often the case that ordered compositional data represent exogenous variables. For
example, a big question in comparative politics concerns the effects of ethnic fragmentation on various
outcomes (civil conflict, economic growth, or political competition) or the effect of party system size
of multiple outcomes of interest. Here, researchers are also using index measures of fragmentation and
therefore their results are subject to the interpretational shortcomings and inferential errors that we out-
lined in this paper. Development of statistical methods for this type of problem would be a significant
improvement over the existing approaches.
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