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Measurement Issues in the Comparative Manifesto Project Data

Set and Effectiveness of Representative Democracy

Vyacheslav Mikhaylov
University of Dublin, Trinity College, 2009

In this dissertation I focus on the very widely used Comparative Manifesto Project
(CMP) as the source of measurements of the policy positions of political parties. The
CMP data confuse the separable notions of party’s position on an issue and the impor-
tance of the issue to that party. Furthermore, the CMP data are provided without a basic
feature considered essential to any estimate: a measure of the uncertainty surrounding
the estimated quantity.

This dissertation comprises of three papers. In the first paper, drawing on results
from linguistic and behavioural research, I show that party’s position on an issue and
the importance of the issue to that party are conceptually and empirically distinguish-
able. I show how to differentiate between position and importance in the CMP data,
and contrast this to the saliency-based scaling models currently used by CMP con-
sumers. I evaluate these alternative scales in several replication studies, and propose
the use of the existing CMP data that is consistent with the standard spatial models of
party competition. The second paper focuses on the analysis of the two main stochas-
tic processes that are involved in the creation of the CMP data: manifesto writing and
manifesto coding. Decomposition of the possible stochastic elements in the manifesto
generation process that leads to the CMP estimates allows the effects of these to be
simulated. Based on these simulation studies, I show how to calculate standard er-
rors for each estimate in the CMP data set. Analysing these error estimates, I show
that many CMP quantities should be associated with substantial uncertainty. Next I
focus on measurement error arising from stochastic variation in the coding of a given
observed text by human coders. I develop a more systematic characterisation of the
problems of reliability and bias in the data than has hitherto been attempted. I set out a

framework for reliability and misclassification in categorical content analysis, and ap-



ply this framework to the CMP coding scheme. In the third paper, I apply the results of
the first two papers to address the question of the effectiveness of democratic represen-
tation process. In the paper I focus on one linkage element in the chain of democratic
representation: between policy positions of political parties and policy output of gov-
ernments observed in public spending. Using positional scaling models and correcting
for measurement error in the CMP data, I show that most of the positive results pre-
viously reported in the literature can be explained by measurement issues (scaling and
uncertainty) in the CMP data. Moreover, I show that spending on social security is
influenced not only by parties that are elected to government, but also by parties in
the opposition, thereby undermining the logical consistency of the responsible party
model.

This dissertation makes several contributions. Using statistical and experimental
methods, in the first two papers I address the reliability and scaling problems with the
CMP data as the result making the data useful for scholars who use these in applied
empirical research. This not only makes a valuable contribution to the literature, but
also has a practical implication for any user of the time-series cross-section data on
policy positions of political parties. The corrections to measurement issues in the
CMP data proposed in the first two papers are applied to a concrete political science
question in my third paper, where using statistical methods I assess the effectiveness of
democratic representation in West European parliamentary democracies. I show that
previous results are explained by measurement issues of the CMP data, concluding
that the responsible party model cannot be viewed as a valid model of democratic

representation in West European parliamentary democracies.
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Measurement Issues in the
Comparative Manifesto Project Data
Set and Effectiveness of

Representative Democracy

Any scholar concerned with understanding party competition is interested in measur-
ing the policy positions of political parties. There are many different ways to do this,
including but not limited to the analysis of: legislative roll calls; survey data on pref-
erences and perceptions of political elites; survey data on preferences and perceptions
of voters; surveys of experts familiar with the political system under investigation; the
analysis of political texts generated by political agents of interest. Benoit & Laver
(2006) review and evaluate these different approaches.

In this dissertation I focus on one source of such measurements, the long time series
of estimated party policy positions generated by the Comparative Manifestos Project
(CMP) and first reported in 1987. Over the years since then, the CMP has steadily built
up a huge and important dataset on party policy in a large number of countries over
the entire post-war period, based on the content analysis of party manifestos. This was
reported in the project’s core publication, Mapping Policy Preferences (Budge, Klinge-

mann, Volkens, Bara & Tanenbaum 2001, hereafter MPP), to have covered thousands
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of policy programs, issued by 288 parties, in 25 countries over the course of 364 elec-
tions during the period 1945-1998. The dataset has recently been extended, as reported
in the project’s most recent publication Mapping Policy Preferences Il (Klingemann,
Volkens, Bara, Budge & McDonald 2006, hereafter MPP2) to incorporate 1314 cases
generated by 651 parties in 51 countries in the OECD and central and eastern Europe
(CEE) over the periods 1990-2003. These data are, commendably, freely available
from the CMP and have been very widely used by the profession, as can be seen from
over 800 Google Scholar citations by third-party researchers of the core CMP publica-
tions!T]

The range of applications using the CMP data is vast, encompassing four major
areas of political science: descriptive analyses of party systems (e.g. Bartolini & Mair
1990, Evans & Norris 1999, Mair 1987, Strom & Lejpart 1989, Webb 2000); empiri-
cally grounded analyses of party competition (e.g. Adams 2001, Janda, Harmel, Edens
& Goff 1995, Meguid 2005, van der Brug, Fennema & Tillie 2005); models of coalition
building and government formation (e.g. Baron 1991, Schofield 1993); and measuring
responsiveness of representative democracy in linkages between government programs
and governmental policy implementation (e.g. Petry 1991, Petry 1988, Petry 1995).
Additional applications of the CMP data include the analysis of American political be-
havior (e.g. Erikson, Mackuen & Stimson 2002); evaluation of partisan effects on gov-
ernment expenditure (e.g. Brauninger 2005); identification of structure and dimension-
ality of the political space of European Parliament, European Commission and Council
of Ministers (e.g. Thomson, Boerefijn & Stokman 2004); evaluation of the issue con-
vergence in US presidential campaigns (e.g. Sigelman & Emmett 2004); analysis of
the relationship between budgetary cycles and political polarization and transparency
(e.g. Alt & Lassen 2006); evaluation of partisan effects on trade policy (e.g. Milner &

Judkins 2004); and establishing the effect of endogenous deregulation on productivity

'The precise number of third-party citations is hard to calculate because third-party users are likely
to cite several CMP sources in the same paper.
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in OECD (e.g. Duso & Rdller 2003). The CMP data has also been used as a means to
validate other measures of parties’ policy positions, e.g. expert surveys (Laver, Benoit
& Garry 2003, Ray 1999).

Notwithstanding the fact that the CMP project is ostensibly grounded in a “saliency
theory” of party competition that assumes “all party programmes endorse the same po-
sition, with only minor exceptions” (MPP, 82), third-party scholars have overwhelm-
ingly used these data to estimate different party positions. Indeed, the CMP itself has
used changes in party positions over time, especially on its left-right scale, to validate
its own estimates. To a very large extent, the CMP’s estimated time series of parties’
left-right positions has been the overwhelming attraction of the data set for third-party
researchers. For scholars seeking long time series of party policy positions in many
different countries, the CMP dataset is effectively the only show in town. Many signif-
icant publications have depended on these estimates.

Despite the wide range of researchers who have depended on CMP estimates of
party policy positions for their key empirical results, however, these data are based on
the core assumption of the CMP that the relative mention of an issue in a manifesto
provides a measure of a party’s position on that issue. This assumption is derived from
the “saliency theory” propagated by the CMP. Saliency theory and the way that the
CMP data is typically used, however, confuse the separable notions of party’s position
on an issue and the importance of the issue to that party. Furthermore, the CMP data
are provided without a basic feature considered essential to any estimate: a measure
of the uncertainty surrounding the estimated quantity. For reliable and valid use of the
CMP data, such measures of uncertainty are fundamental. Without them, users of the
data cannot distinguish between “signal” and “noise”, making it impossible to tell the
difference between measurement error and “real” movements in party policy positions
from one election to another. If we cannot tell whether two CMP estimates differ be-
cause of a change in the underlying signal, or because of error in the data—whether

from measurement or from fundamental variability—then this drastically undermines
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CMP data in terms of their primary value for third-party research: as a rich time series
of party policy positions. When covariates measured with error are used in applied
empirical research, coefficients on error contaminated variables are biased and inef-
ficient, with the bias usually towards zero (“attenuation bias”) (Fuller 1987). Thus,
measurement error in the CMP data could potentially prevent findings in areas of re-
search where there are strong theoretical expectations of findings but none could be
shown in empirical analyses. One such area is the evaluation of the effect of policy
preferences of governments on public spending within the framework of the responsi-
ble party model of democratic representation. This research area has been described to
contain many publications but still no evidence (King & Laver 1999).

This dissertation comprises of three papers. In the first paper, drawing on results
from linguistic and behavioural research, I show that party’s position on an issue and
the importance of the issue to that party are conceptually and empirically distinguish-
able. I show how to differentiate between position and importance in the CMP data,
and contrast this to the saliency-based scaling models currently used by CMP con-
sumers. I evaluate these alternative scales in several replication studies, and propose
the use of the existing CMP data that is consistent with the standard spatial models of
party competition. I also suggest how to improve both future coding schemes and the
scaling of positions from those schemes.

The second paper focuses on the analysis of the two main stochastic processes that
are involved in the creation of the CMP data: manifesto writing and manifesto cod-
ing. Decomposition of the possible stochastic elements in the manifesto generation
process that leads to the CMP estimates allows the effects of these to be simulated.
Based on these simulation studies, I show how to calculate standard errors for each
estimate in the CMP data set. Analysing these error estimates, I show that many CMP
quantities should be associated with substantial uncertainty. Effects of measurement
error in the data are shown in several replication studies. Next I focus on measurement

error arising from stochastic variation in the coding of a given observed text by human
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coders. I develop a more systematic characterisation of the problems of reliability and
bias in the data than has hitherto been attempted. I set out a framework for reliability
and misclassification in categorical content analysis, and apply this framework to the
CMP coding scheme. To come to concrete terms with reliability and misclassification
in the context of the CMP, a series of coding experiments on texts for which the CMP
has supplied a “correct” coding were designed and carried out. I report on these ex-
perimental results, and show that uncertainty due to systematic misclassification has a
much more detrimental effect for reliability of the CMP data than measurement error
due to stochastic text generation.

In the third paper, I bring the results of the first two papers to address the question
of the effectiveness of democratic representation process. The question whether rep-
resentative democracy actually works is a fundamental question in political science.
Defining democracy as a form of government conducted in accordance with people’s
preferences (Dahl 1971) means that the democratic political system is effective when
preferences of voters are translated into specific policy outputs (Hyland 1995). The
responsible party model is usually accepted as a valid model of democratic representa-
tion in West European parliamentary democracies (Thomassen 1994, 250). The model
postulates that popular will is translated into policy via the intermediation of political
parties. In the paper I focus on one linkage element in the chain of democratic represen-
tation: between policy positions of political parties and policy output of governments
observed in public spending. Previous empirical studies produced significant evidence
for the linkage effects between policy positions of parties in government estimated us-
ing the CMP data and public spending (e.g. Klingemann, Hofferbert & Budge 1994).
However, these earlier findings used scaling models that confused position and impor-
tance, and did not correct for measurement error in the CMP data. Using positional
scaling models and correcting for measurement error in the CMP data, 1 show that
most of the positive results previously reported in the literature can be explained by

measurement issues (scaling and uncertainty) in the CMP data. Furthermore, positive
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findings that remain after correcting for measurement issues in the CMP data raise
additional questions about the suitability of the responsible party model for parliamen-
tary democracies. Thus, I show that spending on social security is influenced not only
by parties that are elected to government, but also by parties in the opposition, thereby
undermining the logical consistency of the responsible party model. One possible ex-
planations is that the popular will does not affect public spending. This raises questions
over the effectiveness of democratic representation. Another explanation is that the re-
sponsible party model is not a valid reflection of the democratic representation process
in West European parliamentary democracies.

This dissertation makes several contributions. In the first two papers I address the
reliability and scaling problems with the CMP data as the result making the data use-
ful for scholars who use these in applied empirical research. This not only makes
a valuable contribution to the literature, but also has a practical implication for any
user of the time-series cross-section data on policy positions of political parties. The
corrections to measurement issues in the CMP data proposed in the first two papers
are applied to a concrete political science question in my third paper. By using po-
sitional scaling models and measurement corrections for the CMP data I assess the
effectiveness of democratic representation in West European parliamentary democra-
cies. I show that previously identified linkage between policy positions of governments
and public spending can be explained by measurement error effects in the CMP data.
Furthermore, contrary to earlier results in the literature, I show that the responsible
party model cannot be viewed as a valid model of democratic representation in West
European parliamentary democracies.

Substantive issues raised in this dissertation will be further explored in my future
research. Thus I plan to work on creating uncertainty estimates for the CMP data
that combine both measurement error from the stochastic process of text generation
and uncertainty from human misclassification. Bringing these two error processes into

one probabilistic framework has the potential to produce comprehensive standard error
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estimates for the CMP data. New standard error estimates would allow revisiting the
assessment of the responsible party model and democratic representation.

Overall, this dissertation suggests how to more effectively use the existing rich data
resource that is the CMP: clearly differentiating between positional and importance
scales, and not confusing them in “saliency” scales currently used by consumers of
the data. This dissertation also suggests how to improve a manifesto coding scheme in
the future: adopting a clear hierarchical coding structure with each text unit coded as
positive, negative or neutral reference to a policy. Finally, this dissertation suggests a

new way to look at error variance component in textual data generally.

18



Chapter 1

Position and Importance in the CMP

Data
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Abstract

A huge amount of effort in political science has gone into estimating the positions of political
parties, taken as the distance of their policy preferences relative to two extremes. More con-
tentious is a related issue concerning the importance or salience of political issues, and how this
salience is manifest in party election platforms. The Comparative Manifesto Project (CMP) is
based on the assumption that the relative mention of an issue provides a measure of a party’s
position on that issue, because the “saliency theory” in which it is grounded. Saliency theory
and the way that the CMP data is typically used, however, confuse the separable notions of
party’s position on an issue and the importance of the issue to that party. In this paper, I argue
that these two features are conceptually and empirically distinguishable, drawing on results
from linguistic and behavioural research. I also show how to differentiate between position
and importance based on the current version of the CMP data, and contrast this to the saliency-
based scaling models currently used by CMP consumers, evaluating these alternative scales in
a number of replication studies. Based on the comparison of these results to classical CMP
models, I offer suggestions for better implementing future manifesto-based coding and scaling
schemes.

Key Words: Comparative Manifesto Project, policy position, issue salience, saliency theory,
scaling models.



1.1 Positions and salience in the CMP

Any scholar concerned with empirically understanding party competition is interested in mea-
suring the policy positions of political parties. There are many different ways to do this, in-
cluding but not limited to the analysis of: legislative roll calls; survey data on preferences
and perceptions of political elites; survey data on preferences and perceptions of voters; sur-
veys of experts familiar with the political system under investigation; the analysis of political
texts generated by political agents of interestE] This paper focuses on the estimation of policy
positions from content analysis of party manifestos produced by the Comparative Manifesto
Project (CMP). The CMP is one of the most extensive data collection exercises in political
science. Manual content analysis of more than 3000 manifestos produced a vast data resource
for political scientists. The data is readily available in Budge et al. (2001) (hereafter MPP) and
Klingemann et al. (2006) (hereafter MPP2) and cited in hundreds of third-party publications.
Some major empirical exercises in the field used the CMP data.

Policy positions represent points on the mathematical construct of dimension. A line
segment is an example of a set of points of dimension 1, where the boundary of the interval is
a pair of points (Courant, Robbins & Stewart 1996, 250). Points on a “dimension 1" are then
characterised by the notion of distance relative to the pair of boundary points. Thus, for ex-
ample, positions of political parties on the one-dimensional “taxes versus spending” scale can
be distinctively described by their relative balance of the two extremes: “taxes” and “spend-
ing.” However, political parties may attach different degrees of importance (or salience) to
the “taxes versus spending” dimension: some parties may find it extremely salient for their
political platforms while other parties will rank it much lower than, say, environment or im-
migration dimensions. In other words, parties attach different importance weights to different
dimensions. The distances between political parties on a dimension will then be weighted by
the importance attributed by the parties to that dimensionE]

The theoretical basis of the CMP data is set in a “saliency theory” of party competition

'Benoit & Laver (2006) review and evaluate these different approaches.

ZFor a discussion of the concepts of position and salience see Benoit & Laver (2006, Ch.1). Differ-
entiation between these two concepts in political competition can be found, for example, in Grofman
(2004, 31) or Riker (1996, 101)
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(MPP, 76). The central idea of saliency theory is that party leaders tend to endorse the major-
ity point of view on each issue, and that as published in their manifestos, “party programmes
endorse the same position, with only minor exceptions” (MPP, 82). Parties differentiate them-
selves through emphasising the particular issues on which they have enough reputation to de-
liver on their promises (MPP, 7). The “taking up of positions is done through emphasising the
importance of certain policy areas compared to others” (Budge 1994, 455)E] In other words,
because of the assumption that parties occupy the same position on a dimension, the positions
of parties on the dimension are characterised not by the notion of distance relative to the pair
of extremes, but by differences in salience parties attribute to that dimension over all others.

The CMP approach can be best illustrated by the environmental protection dimension.
Setting out the observable implications of parties’ policy positions on the environmental dimen-
sion as translated in the CMP, the more a party mentions environmental protection, the more
pro-environment it is. Conversely, a party that does not mention the environment at all (zero
times) is the most possible anti-environment. Figure plots references to the environment
dimension by main parties in the UK from 1945 to 2001.

[FIGURE[1L.IABOUT HERE]

According to the saliency theory one can infer from Figure [I.1] that in the postwar pe-
riod the Liberal Democratic party has been on several occasions potentially the most anti-
environment party in the UK. In fact, the Liberal Democrats did not mention environment (zero
mentions) in their manifestos on more occasions than the other two main parties combined. At
the same time, parties may refer to the environment but make statements that cannot be ac-
cepted as entirely pro-environmental. Below is the example from the 1988 electoral manifesto

of the Danish Liberal Party.

Miljgpolitikken méikke stille danske virksomheder darligere, end virksomhed-
erne i de lande vi konkurrerer med (Venstre 1988).

The environmental policy should not result in Danish companies being worse off
than the companies in the countries with which we compete (Danish Liberal Party
manifesto 1988 )E]

3In the saliency theory approach policy dimensions are assumed to comprise of issue areas or clusters
of issues (Robertson 1976, 61).
4T thank Martin Hansen for drawing attention to this example and for help with the translation.
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While this statement relates to industry, it clearly says “Miljgpolitikken” which is trans-
lated as “The environmental policy.” As measured by this statement, the Danish Liberal Party
is clearly not pro-environment, preferring instead to let the natural environment suffer in ex-
change for the economic benefits that presumably come from easing restrictive environmental
regulations on commercial firms. At the moment this cannot be verified conclusively, since
based on the CMP assumption that no party will publicly express an anti-environmental posi-
tion, there is only a pro-environment category (PER501) included in the CMP coding scheme.
This precludes the estimation of parties’ positions on this dimension, because the positions of
political parties on a dimension can be distinctively described only by their relative distances to
two extremes. Any future development of the CMP coding scheme must include a possibility

for the parties to take positive and negative positions on each issue.

1.2 [Estimating party positions from the existing CMP

data

Once the notion that political parties can take up positions only on one side of an issue is aban-
doned, positions of political parties on the dimensions of interest can still be easily estimated
using the existing CMP data. This can be done as the relative balance of the positive and nega-
tive stances on an issue. However, the CMP suggests that the balance of positive and negative
issues should be compared with the whole manifesto length.

The mechanics of the process can be best illustrated again using the simplest example of
the environment dimension. Following the CMP assumption that there are no anti-environment
references, the position of a party on the environment dimension is the ratio of the number of
positive references to environmental protection (PER501) and the total manifesto length. Fig-
ure[I.2]tracks change in the position of the German Green party on the environment dimension,
also indicating the total number of text units in each manifesto.

[FIGURE[1.2 ABOUT HERE]
Figure shows that in order to keep the position on the dimension constant over time

in the face of changing manifesto lengths, the Greens would have to proportionally change the
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number of references to all other issues.

The situation is even more complicated with combined scales created over a number of
issues. This can be illustrated with the widely used rile left-right scale created by the CMP
and supplied with the data distribution. The scale is created by subtracting the number of text
units referring to 13 “left” issues from the number of text units referring to 13 “right” issues

relative to the total number of text units in a manifestoﬂ

R L

NN (1.1)

’"ilesaliency =

By making the scale dependent on the total number of text units in a manifesto, rile
scale implies that a position on the left-right dimension depends on all other dimensions in a
manifesto. Such scaling method is defended as being “consistent with saliency theory” (MPP,
23). The salience and the position of the party on an issue is thus measured as “the relative
saliency given to them in the manifestos” (MPP, 82). In turn, “relative saliency” is opera-
tionalised as the frequency of text units allocated to an issue relative to the total number of text

units in the manifesto.

1.2.1 Repetition and importance

The assumption that relative frequency of references to an issue signifies relative salience of
that issue is, in turn, based on the assumption that repetition increases the strength of a mes-
sage. Repetition is said to be the hallmark of party manifestos: “making policy points involves
highlighting them, repeating them in slightly varied form and coming back to them in a variety
of contexts” (Budge 2001, 21 I)E]

The stress by the CMP on the function of repetition and the frequencies as a measure of
importance is directly related to Skinner’s (1957) verbal behaviour research in psychology. He
stipulated that in communication the strength of a transmitted message is based on response

speed, pitch level, immediate repetition, and overall frequency. Evidence for contribution of

>The scales are usually multiplied by 100 to present as percentages. For details on the issues that
constitute “left” and “right” see Budge et al. (2001, Ch.1).

See Thomson (1999, 88-91) for a discussion of repetition as an indicator of importance in the
analysis of manifesto pledges.
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each individual input into the strength of the message “is based on observation of frequencies
alone” (Skinner 1957, 28). Skinner gives a well known example of a person exclaiming Beau-
tiful! when observing a famous work of art: “the speed and energy of the response will not
be lost on the owner” (Skinner 1957, 27). However, the importance of frequency has been
challenged by several scholars. Chomsky (1959) took up the example of the painting and sug-
gested that following Skinner “to shriek Beautiful in a loud, high-pitched voice, repeatedly, and
with no delay” (Chomsky 1959, 35) would result in a strong message, with the increase in the
importance of the message achieved by training “machine guns on large crowds of people who
have been instructed to shout it” (Chomsky 1959, 35). This may not be the best way to convey
the importance of the painting to the owner. In fact, an equally effective strategy may be to
stare at the painting for a long time in silence, and softly murmur Beautiful (Chomsky 1959,
35).

The assumed effect of repetition (and its realisation in the CMP saliency-based scales)
has also been challenged in learning theories. There the effect of increasing the importance of
a message as a function of repetition is known as the semantic generation (Jakobovits 1967,
Biauml 2002). However, repetition is also known to induce semantic satiation. This is a loss
of meaning of a word as a function of repetition (Black 2003, 63). Thus, both semantic gen-
eration and semantic satiation can transpire in the same text as functions of repetition. In
such a situation the relationship between two effects may be governed by a “frequency law”
(Jakobovits 1967). The law states that the relationship between the intensity of response and
the frequency of exposure follows an inverted U-shaped distribution. An increase in meaning
through repetition happens at the semantic generation stage, while the meaning is lost through
continued repetition in the semantic satiation stage (Jakobovits & Lambert 1963, Jakobovits &
Hogenraad 1967). The exact shape of the frequency curve and identification of the inflection
point depend on individual circumstances (Jakobovits 1967), and can be identified in experi-
mental settingsm

In content analysis of party manifestos, the CMP assumes that the saliency-based scales

7Semantic satiation is notoriously difficult to measure (Black 2003, Esposito & Pelton 1971). Recent
experimental evidence, however, attests to the existence of the effect (Black 2001, Kounios, Kotz &
Holcomb 2000, Kounios 2007, Pynte 1991).
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imply only the semantic generation stage, while the semantic satiation stage is not even con-
sidered in the creation of the scales. The semantic satiation here would mean that if parties
repeat references to an issue this may (un)intentionally result in the effect opposite to the one
assumed by the CMP. Instead of raising the importance of the issue, parties will effectively
reduce its importance when it becomes less meaningful as a function of frequency. Even if
repetition does not reduce the effectiveness of the message, it may not add additional salience
to the position. In other words, there is only one way to state that a party rejects the Euro.

This can be illustrated with the example of the UK Conservative party and its stance on
the adoption of the Euro. There are 17 sentences devoted to the issue of joining the single
currency in the 1997 Conservative manifesto (1.57% of the manifesto). The manifesto for the
2001 general elections contains only 6 sentences devoted to this issue (0.83% of the manifesto).
The size of the Conservative manifesto shrunk from 1084 text units in 1997 to 724 text units
in 2001. Following saliency theory the importance of single currency issue decreased from
1997 to 2001. Moreover, invoking the Skinnerian approach and semantic generation effect,
the adjustment in the importance of the issue through the drop in repetitions of Euro related
statements leads to the weakening of the overall Conservative message on single currency.
Table[I.1] presents the actual sections of these two manifestos related to the Euro.

[TABLE [1.IABOUT HERE]

From Table it appears that the Conservatives in 1997 talked relatively much about
single currency without saying anything. The electorate took it as an ambivalent position on the
Euro (Evans 2002). A position that left the Conservative party some leeway in policy making
were they to win elections. By the time of the 2001 general election, the mood of the electorate
was pointedly more eurosceptic (Evans 2002). Opening up a new dimension of political con-
testation with the single currency issue, the Conservatives forcefully and unequivocally stated
their opposition to the adoption of the Euro. This example shows that, an increase in relative
frequency of the message does not necessarily result in corresponding increase in the strength
of the message. Furthermore, a change in relative frequency may not signal change in the
position on the single currency issue, but it may still reflect change in the importance of that

issue for the Conservative party in 2001 compared to 1997. Thus it is important to clearly
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disambiguate position on an issue and the salience of this issue for a party.

1.2.2 Positional scales

Position on an issue can be easily distinguished from the importance of this issue for a party
using the existing CMP data. This can be achieved by reflecting the position through the
distance relative to the pair of two extremes on the dimension. At the same time, the position
on the issue cannot depend on the document size, with the positional scale independent from
the issues that are accidental or irrelevant to the analysed dimension (Krippendorff 2004, 181).
The standard solution to this problem is a distance function proposed in the literature on content
analysis of political texts in Krippendorff (1967) (see Krippendorff 2004, 176). For rile left-
right dimension, the positional distance function can be constructed as the following scaling

model:

R—-L

REL (1.2)

rlleposition =

This positional scaling model has been proposed independently for the CMP data in
Kim & Fording (1998) and general political textual data in Laver & Garry (2000). A simple
example can illustrate the difference between the saliency-based rile scale (Equation|[I.T) and
positional scale in Equation|[I.2] Take a manifesto of 200 text units that contains 100 references
to “left” items and 40 references to “right” items. Position of the party on the saliency-based
left-right scale is then rilegiiency = (% — %) x 100 = —30. Using the positional scale the
party can be placed at rilepogirion = 2‘8;7188 x 100 =~ —42.86. At the next election the party
decides to expand the section of its manifesto devoted to, say, the EU by additional 200 text
units leaving the rest of the text unchanged. In the new manifesto there are 400 text units of

which 100 refer to “left” issues and 40 refer to “right”. However, 200 text units now refer to the

EU that is not part of rile. New position of the party on the saliency-based left-right dimension

18 rilesaliency = (% — }1%8) x 100 = —15. Using the positional scaling model the party is still
located at rileposition = 381% x 100 ~= —42.86. Thus, the saliency-based rile scaling model

shows that the party moved to the centre (from -30 to -15) as the result of devoting more text
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to issues that are not part of the rile scale.

Krippendorff’s (1967) distance function can also be applied to estimate the importance
of a dimension for a party. It was shown in previous section that the importance of an issue may
relate to the frequency of repetition of the issue in a manifesto relative to the total manifesto
size. Thus the importance of the rile left-right dimension can be expressed as:

R L

rileimportance = N + N (1.3)

The importance scaling model for the CMP data has been proposed in Benoit & Laver
(2007b). Positional and importance scaling allow disambiguation of the separate concepts that
are currently mangled by the CMP into one saliency-based scale. This can be illustrated re-
verting to the simple example of the position of the German Green party on the environment
dimension. Current CMP category construction does not allow us to identify the two extremes
that characterise the position of the party. However, one can find the hint in the above quoted
statement from the 1988 manifesto of the Danish Liberal Party. Thus, it is easy to construct a
scale capturing a more general environment policy dimension that represents the trade-off be-
tween environmental protection and economic growthﬂ The paradigm of economic growth is
represented in the CMP by category “Productivity:Positive” (PER410), while categories “Anti-
Growth Economy:Positive” (PER416) and “Environmental Protection:Positive” (PER501) to-
gether capture anti-growth politics, “ecologism”, and “green” politics in generalﬂ Thus, the

importance of the environment dimension is captured by the following scaling model:

PERS01 n PER416 n PER410
N N N

Environmentyporiance =

The position of the Green party on the environment dimension is represented by the

following scaling model:

(PER501 + PER416) — PER410
PERS501 4+ PER416 + PER410

Environment pgition =

8This correlates with the definition of one of the core four dimensions in the expert survey in Benoit
& Laver (2006, 129).
9For full category definitions see Klingemann et al. (2006, Appendix II).
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This allows the measurement of the distinct concepts of party position on a dimension
and the importance of that dimension for a party. Figure [I.3]tracks the position of the German
Green party on the Environment Dimension, alongside tracking changes in the importance of
this dimension for the party.

[FIGURE[1L.3JABOUT HERE]

Figure [I.3] shows that the position of the Greens on the Environment Dimension re-
mained stable after the 1987 election. However, the importance of the dimension changed
over time, reflecting, among other things, changes in strategic positioning of the party in the
run up to the 1998 election and coalition negotiations, and subsequently facing re-election in
2002 while in government. Comparing to the results from the saliency-based scale presented
earlier (Figure [1.2), it is clear that the saliency-based measure tracks importance fairly well,
but doesn’t capture distinct position of the Green party. Next section conducts a more general
comparison of the positional and saliency-based scaling models for other standard dimensions

like the EU integration, economic left-right, social liberal-conservative, and rile scales.

1.2.3 Comparing positional and saliency-based scales

Considering the rile it has been earlier proclaimed that the positional scaling model (Equa-
tion[I.2)) and the saliency-based scaling model (Equation [I.1) are “nearly identical in empirical
terms” and distinguishable only on philosophical grounds (Kim & Fording 2002, 200, fn 5).
This conclusion was drawn from a near perfect correlation between the two scales. How-
ever, using the Pearson’s product-moment correlation coefficient to measure agreement be-
tween two scales is invalid (Altman & Bland 1983, Bland & Altman 1986). Bland and Altman
(1983,1986) proposed to plot the difference between two scales against their averagem Lack
of agreement is summarised by calculating the bias, estimated by the mean difference between
two scales, d, and the standard deviation of the differences, s. Most of the differences are ex-

pected to lie within 95% limits of agreement, calculated as d £1.96 x s Figure |1.4{ presents

19Bland & Altman (1995) discuss the reasons why the difference should be plotted against the aver-
age, and not against one of the scales that is taken as a standard.

1 Bland-Altman approach is widely used in medical statistics to compare two alternative measure-
ment techniques. Combined citation count on Google Scholar for Altman & Bland (1983) and Bland &
Altman (1986) is over 14000, giving some indication of the standard-like status of the approach.
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the results for the rile scale.
[FIGURE [1.4] about here]

Figure points to the increase in variability, shown by the increase in the scatter of
the differences, as the magnitude of the measurement increases. The bias in the measurement
is shown by the tendency for the mean difference to rise with the increase in value of average
positional and saliency-based scales. Figure[I.4]also shows the presence of a clear trend in the
bias, indicated by the positive slope of the regression line. The presence of either the bias or the
trend identifies that the methods do not agree equally through the range. It appears that the two
scales agree on the location of the centrist parties, but disagree on the placement of non-centrist
parties. The rile combines 26 out of 56 issue categories in the CMP, which is more than the
median number of categories used to code manifestos (Benoit, Laver & Mikhaylov 2009).
Disagreement and bias between the positional and saliency-based scales should be more severe
for scales combining smaller number of categories. Figure [1.5] presents the Bland-Altman
approach for the EU dimension scale, that consists only of two categories: pro-EU (PER108)
and anti-EU (PER110).

[FIGURE [1.5]about here]

Once again, bias and trend are shown in Figure [[.5] Contrary to the results for rile
most of the agreement is shown for the parties that are very pro-European. There is substantial
observable bias in the saliency-based scale towards parties that take more moderate position on
the EU and also those that are extremely anti—EUE]

Agreement between the positional and saliency-based scales can also be directly mea-
sured using the chance-corrected concordance correlation, often referred to as Lin’s concor-
dance correlation (Krippendorff 1970, Lin 1989, Lin 2000). Lin’s concordance correlation
combines measures of precision and accuracy to determine how close the two scales are to
the line of perfect concordanceE] Precision is measured by Pearson’s product-moment cor-
relation. Accuracy is captured by the bias correction factor that measures how far the best-fit

line deviates from the perfect agreement line. Bias correction factor is the ratio of concor-

12See also external validation results for the positional and saliency-based EU dimension scales in
Ray (2007), albeit all conducted relying on invalid product-moment correlations.
3For details and applications of the measure see e.g. Cox (2006).
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dance correlation coefficient and Pearson’s product-moment correlation coefficient, with the
range (0,1]. It reaches maximum value of 1 when there is no deviation from the line of perfect
concordance, and further away from 1 means less accuracy (more bias). Table presents
the results of Lin’s concordance assessment of the positional and saliency-based scales for
four most widely used dimensional scaling models: rile, Economic left-right, Social liberal-
conservative dimensionEf] and EU dimension.

[TABLE 1.2 ABOUT HERE]

The results in Table [T.2] clearly indicate that high product-moment correlation coeffi-
cient between positional and saliency-based scales does not translate into high agreement. The
highest concordance is found for the rile scale. However, its narrow 95% confidence is sig-
nificantly removed from the line of absolute agreement. As suggested earlier, the concordance
is much worse for the scales that consist of smaller number of categories compared to rile.
The situation is really dire for the EU dimension scale. Despite moderately high Pearson’s
correlation of 0.597, its concordance correlation coefficient is only 0.029 (with narrow 95%
confidence interval). Moreover, the bias correction factor for the EU dimension is close to
zero, thus pointing to very high bias (low accuracy).

These results suggest that positional and saliency-based scales are not interchangeable,
with substantial amounts of bias present. This is especially true for scales that consist of the

smaller number of categories compared to rile.

1.2.4 Additional scaling models

In addition to the scaling discussed in previous sectons, a powerful feature of the CMP data is
the possibility to create scales for other dimensions. This “Lego”-like feature has been used
to create the environment dimension in previous section. Once extremes have been identified
the positional or importance scales can be applied to place parties on the dimension of interest.
Unfortunately, at the inception, the CMP refused to create coding categories that reflect pairs of
reference points (extremes) for all policy issues. The CMP currently includes only 12 clearly

bi-polar categories.

14See Benoit & Laver (2007h, 100) for details on constructing Economic left-right and Social liberal-
conservative dimensions.
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Dominance of uni-polar categories has been explained as driven by the saliency theory
of party competition, and evidence showing that “the negative side attracts such few endorse-
ments that the codings overall can be effectively taken as one-dimensional” (MPP, 83). This
conclusion is based on aggregate results for a sample of 24 developed democracies (MPP, 83).
At the same time, saliency theory is proposed as an explanation of party competition in in-
dividual countries (Laver 2001). Hence, a more appropriate evaluation should be conducted
also on the level of party systems and not on the aggregate results for a sample of countries.
The results of such country level analysis significantly differ from the CMP results. The EU
dimension is taken here as an illustration. Figure [I.6]shows the distribution of party positions
on the EU dimension in three countries: Denmark, Ireland, and the UK.

[FIGURE[1.6 ABOUT HERE]

The results in Figure clearly indicate that the saliency-based and positional scales
tell different stories. First, the saliency-based scale shows parties in all three political systems
inhabiting the centre of the political space. At the same time, the positional scales show a more
fine grained picture of party competition on the EU dimension. The median position of parties
on the EU dimension in Ireland and the UK are predominantly pro-European. However, both
systems exhibit significant number of parties expressing anti-EU sentiment. In Denmark there
appears to be a significant bi-polar distribution of party positions on the EU dimension: the
result that is not captured at all on the saliency-based scales.

This exercise highlights two things. One is that there is significant variation in party po-
sitions on the bi-polar categories as exemplified by the EU dimension. However, this becomes
visible only when evaluated on a country by country basis. Thus, the claim that categories
can be taken as unidimensional is unwarranted. Secondly, in addition to the issues with the
saliency-based scales raised in previous section, its use also greatly simplifies the picture of
party competition. One of the results is the loss of much valuable information about the dis-
tribution of party positions on policy dimensions, and general polarisation of party systems.
However, any user of the CMP data can still uncover this information using the positional
scaling model.

Results presented in this paper so far suggest that the saliency-based scales depend on the
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size of the manifesto and lump together position on the dimension and importance of the dimen-
sion. Positional and saliency-based scales are not interchangeable, with substantial amounts of
bias present. This is especially true for scales that consist of smaller number of categories com-
pared to rile. Positional scales depict the richness of the information on political competition,
information that is simply lost when using the saliency-based scales. All these suggests that
empirical results in applied research will be significantly influenced by the choice between the
positional scales and the saliency-based scales. The next section presents results of two repli-
cation studies using both the positional and saliency-based scales that highlight statistical and

substantive differences in empirical results under the two scales.

1.3 Positional and saliency-based scales in empirical anal-
ysis

Two recent high-profile studies are replicated here. Both studies utilised saliency-based scales
in empirical application: Hix, Noury & Roland (2006) and Golder (2006). In both cases origi-
nal datasets (and replication code) were made available by the authors and replicated using the
positional scales. Hix, Noury & Roland (2006) employ several scales derived from the CMP
data: rile, Economic left-right, Social liberal-conservative, and the EU dimension scales.
This allows direct evaluation of the effect of using positional rather than saliency-based scaling
model. Golder (2006) derives key explanatory variables using the saliency-based rile scale.
This replication study allows evaluation of indirect effects of the scale choice. The aim of these
replication studies is not to overturn some of the existing results, but rather to show the exis-
tence of tangible effects in using positional versus saliency-based scaling models in empirical

applications.

1.3.1 Hix, Noury, and Roland (2006)

Hix, Noury & Roland (2006) are concerned with the content and character of political dimen-
sions in the European Parliament (EP). Following an inductive scaling of roll-call votes in

the EP from 1979 and 2001, Hix, Noury & Roland (2006) set out to validate their interpreta-
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tion of the derived policy dimensions by regressing the mean position of each national party’s
delegation of MEPs on two sets of independent variables. The first set includes exogenous
measures of national party positions on the rile left-right, Economic left-right, Social liberal-
conservative, and EU dimensions. The second set relates to government-opposition dynamics
and consists of categorical variables describing whether a national party was in government and
whether the party had a European Commissioner, as well as dummy variables for each Euro-
pean party group, each EU member state, and each (session of) European Parliament. Measures
of national party positions are derived from the saliency-based scaling of the CMP data, and
discussed in previous section. The authors expect that national party ideal point estimates on
the first dimension will be explained by the exogenous left-right policy positions, while ex-
ogenous policy positions on EU dimension explain national party ideal point estimates on the
second dimension (Hix, Noury & Roland 2006, 501). The expectation then is roughly that the
first dimension is predominantly about left-right and second dimension is about Europe.
[TABLE [1.3]about here]

Table 1.3 contrasts coefficients from the replications of the models using saliency-based
scaling to construct variables in Hix, Noury & Roland (2006) with positional scaling introduced
in previous section. (Due to space constraints replication results presented here focus only on
the two models that relate to the structure of the second dimension in the European Parliament.)
Model 2 aims to explain the mean positioning of political parties on the second derived EP
dimension in terms of: their positions on the rile left-right and the European integration
dimensions; categorical variables relating to whether a party was in government and had a
European Commissioner; and dummy variables for each session of the EP. Model 3 extends
Model 2 by replacing positions of political parties on the rile left-right with their positions
on the Economic left-right and Social liberal-conservative dimensions. Thus, Models 2 & 3
utilise the saliency-based scaling for party positions on all widely used dimensions discussed
in previous section

It is clear from Table[I.3]that the results with positional scaling are generally statistically

5Here I depart from original estimation using newer CMP data set made available with the publi-
cation of MPP2. This resulted in some very slight differences in the estimation data set. The change
allowed for some results to be more pronounced in the replications than in the original.
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stronger, although the coefficients are smaller in size. Differences in the magnitude of the
effects seem to correspond to differences in concordance between scales across dimensions as
discussed in previous section. The biggest difference in effect appears for the EU dimension,
where the positional scale result is about ten times smaller than the result using the saliency-
based scale. At the same time, the coefficient on EU dimension becomes statistically stronger
under positional scaling in Model 2, while in Model 3 it gains statistical significance.
Substantively, the effect of using the positional instead of saliency-based scale is that
the explanation of the position of a party’s MEP delegation on the second dimension can be
effectively done using the national party’s position on the EU dimension. In turn, position
on the EU dimension is more important than party’s positions on either rile left-right or the
substantive Economic left-right and Social liberal-conservative dimensions. The effects using

the positional scaling are generally smaller in size, but more statistically robust.

1.3.2 Golder 2006

Amid extensive existing research on government coalitions Golder (2006) focuses on a largely
ignored issue of pre-electoral coalitions in parliamentary democracies. She develops a the-
ory of pre-electoral coalition formation and tests the theory using a data set of all potential
pre-electoral coalition dyads in twenty industrialised parliamentary democracies from 1946 to
1998. In the 292 elections studied in the article, 44 per cent contained at least one pre-electoral
coalition, while about a quarter of governments formed after the elections were the result of pre-
electoral coalitions (Golder 2006, 194). Despite the importance of the topic, prior to Golder’s
article there appear to be no serious attempts to theoretically and empirically analyse factors
influencing the formation of pre-electoral coalitions (195). The author shows that pre-electoral
coalitions are more likely to form between ideologically compatible, similarly sized parties in
party systems characterised by ideological polarisation and disproportional electoral rules.
Golder (2006, 198) argues that the utility loss associated with policy set at coalition’s
ideal point rather than party’s ideal point is minimised when coalition partners are ideologi-
cally similar. Thus, a decision by multiple parties to co-ordinate their electoral strategies rather

than contest seats alone depends on ideological distance between potential coalition partners.
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Parties are also likely to form an electoral coalition if this is the best way to keep a relatively
‘extreme’ government from forming. More disproportionate electoral system creates an incen-
tive for smaller parties to create pre-electoral coalitions, particularly so in more polarised party
systems. Probability of forming an electoral coalition between parties that are asymmetric in
size is less likely when the overall coalition size is sufficiently large.

Probability of pre-electoral coalitions between dyads of parties in a system is modelled
as a function of Ideological incompatibility, Polarisation and Electoral threshold (plus the in-
teraction between these two variables), Coalition size and Coalition size squared, Asymmetry,
and an interaction between Coalition size and Asymmetry. Three variables are built from the
saliency-based rile left-right scale: Ideological incompatibility, Polarisation, and Polarisa-
tion x Electoral threshold. This allows checking the indirect effect of positional and saliency-
based scales in applied research.

Ideological incompatibility measures the ideological distance between the parties in the
dyad. It is intended as a proxy for the lack of ideological compatibility of parties in a coalition.
The variable is directly computed as the absolute value of the difference of the saliency-based
rile left-right score for parties in the dyad. Polarisation measures ideological dispersion in
a system. Parties are concerned about a potential government consisting of parties more ‘ex-
treme’ relative to them. For example, centrist parties may be worried about the prospects
of communists and other extreme-left parties forming a government. In such circumstances,
parties are primarily concerned with the ideological positions taken by other parties. The vari-
able is calculated as the difference of the saliency-based rile left-right scores for the biggest
left-wing and the biggest right-wing parties in political system. Party system polarisation is
hypothesised to increase the likelihood of pre-electoral coalition formation when dispropor-
tionality of the electoral system (measured as the effective Electoral threshold) is sufficiently
high. Positive effect of electoral system disproportionality is stipulated to be even stronger in
more polarised party systems, which is modelled through an interaction term Polarisation x
Electoral threshold.

For replication of the analyses both CMP-derived variables are recreated using positional

rile left-right scale. Golder (2006) tests her hypotheses using a probit model. The author
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estimates two specifications: random effects probit (Probit 1) and a probit model with robust
standard error (Probit 2). Golder suggests that theoretical reasons and statistical tests point to
random effects probit as the preferred estimation approach. The interpretation of the findings
in the article is provided based on the results from Probit 1.

[TABLE [1.4]about here]

Table [I.4] contrasts results from probit model predicting the propensity of pre-electoral
coalition formation based on saliency-based and positional left-right scalesE] For three key
CMP-derived variables (incompatibility, polarisation and polarisation x electoral threshold)
noticeable changes occur when the models are re-estimated with variables derived from the
positional scale. Coefficient on Incompatibility shrinks in size while remaining statistically
significant and with the correct sign. As the result of using the positional scale, the coefficient
for Polarisation changes sign from positive to negative, which brings it in line with the original
theoretical expectation, albeit it remains statistically insignificant.

More importantly, Polarisation x Electoral threshold becomes statistically significant,
supporting the original argument that creation of pre-electoral coalitions is more likely under
higher electoral thresholds and polarisation. Substantive interpretation of the interaction term
is more complex and Golder examines the marginal effect of each variable in the interaction
model on probability of coalition formation graphically. Limited to variables of interest, the
graphical analysis is replicated here for the two alternative scales in Figure (1.7

[FIGURE [1.7] about here]

Figure presents the marginal effect of 0.01 unit (corresponds to 1 unit on the origi-
nal scale) increase in party system polarisation across the observed range of electoral system
disproportionality (with all other variables held at their means). Solid lines indicate how the
marginal effect changes with the effective threshold. Grey line represents estimation based on
saliency-based scale, while black line refers to estimates based on positional scale. Dashed
lines represent respective 95 per cent confidence intervals that show conditions under which

polarisation has statistically significant effect on the likelihood of electoral coalition forma-

16This paper departs from original estimation in two ways here. First, a newer CMP data set made
available with the publication of MPP2 is used here. This resulted in some very slight differences in
the estimation data set. Second, saliency-based left-right is rescaled here to range from -1 to 1. Neither
change resulted in any substantive differences in the replications versus the original results.
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tion The marginal effect is deemed statistically significant whenever both lower and upper
bounds of the confidence interval are above (or below) the zero line.

Figure indicates that on the saliency-based scale party system polarisation makes
pre-electoral coalitions more likely when the electoral threshold becomes greater than 12. At
the same time, estimates based on the positional scale put the cut-off figure for electoral thresh-
old at 21, after which polarisation significantly affects the probability of coalition formation.
Following Golder’s substantive interpretation, when using the saliency-based scale 18.3 per
cent of the sample have an electoral threshold greater than 12, while only 10 per cent greater
than 21. In other words, an increase in party system polarisation is expected to increase the
probability of pre-electoral coalition formation in just under a fifth of observed cases using
saliency-based scale and in a tenth using positional scale.

The results of both replication studies show that two scales cannot be taken as equivalent
in applied research. The results produced under saliency-based and positional scales are often
not only statistically but also substantively different. Corresponding to the results in the pre-
vious section, the biggest difference has been found for scales comprised of small number of
categories, like EU integration. Moreover, statistically and substantively different results have
been found even in applications where the two scales are used to derive measures of interest
(e.g., party system polarisation) and do not enter estimation models directly. Variables measur-
ing some characteristics of political competition perform differently in empirical applications

depending on the underlying scaling model.

1.4 Discussion and conclusion

The conclusions from questioning of the theoretical and empirical underpinnings of the basic
design of the CMP approach to coding and scaling policy preferences from party manifestos
can be summarised as follows.

First, the assumption that parties only take one side of an issue, or that “the negative

17 As in the original article, confidence intervals are based on simulations using 10000 draws from the
estimated coefficient vector and variance-covariance matrix for two probit models based on saliency-
based and positional left-right scales.
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side attracts such few endorsements that the codings overall can be effectively taken as one-
dimensional” (MPP, 83), is not only wrong generally, but also demonstrably wrong given the
CMP’s own dataset. Consequently, policy scales should contain both positive and negative
references, thus presenting two contrasting extremes of position on policy dimensions. Where
issues do not appear to have a simple pro and contra side, like environmental protection, then
the two extremes should be phrased in terms of relative preferences for mutually incompatible
and competing policy goals, such as environmental protection versus unrestrained economic
growth.

Second, the emphasis of a policy issue relative to all other manifesto statements does not
measure position, but instead provides a rough indicator of the relative importance of a political
issue to the party issuing the manifesto. Policy position can be considered as the difference
between support for competing extremes, relative to all statements on the relative issues only.
I have have termed this approach the positional scale and contrasted it to the CMP’s saliency
scale approach. I show not only that the two agree poorly, especially for scales with few
constituent categories, but also that the saliency scale is biased because it underestimates the
extremity of party positions at the extremes of the scale. The positional scaling approach is
also much more in accord with standard approaches to scaling from the literature on relative
frequency-based content analysis. This scale has been previously offered in the literature, but
the argument made here is much stronger than has been made previously, since I advocate
that it be used in every context for estimating position from manifesto content, for every issue
dimension.

Third, position and importance are conceptually and practically distinct aspects of the
ways that parties approach and communicate policy preferences and priorities. Accordingly,
they should be measured in distinct ways. Here I have proposed an importance scale that
captures the emphasis of an issue—where emphasis refers to all statements about the issue,
whether positive or negative—relative to the entire manifesto.

My proposal for replacing the CMP’s saliency scaling approach with a net positional one
can also be viewed as a critique of the basic CMP coding scheme, since the existing scheme

consists of a mixture of positional and saliency-based categories. My analysis suggests that
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any revision of the coding scheme would complete the step toward a fully positional coding
scheme, consisting only of opposing, pro and contra categories. Of course, it would be possible
to go one step further, and also to include a neutral for each confrontational policy scale, which
could be ignored in the numerator of the net positional scale but counted in the denominator.
This would address the concerns of McDonald & Mendes (20015) about the non-reflection
of neutral stances in the positional scales. In addition, the inclusion of neutral stances in the
denominator of the positional scales could mitigate the bipolarity that sometimes occurs when
using the net positional scale. Finally, even with a fully positional coding scheme, including
one that also had neutral positions, the same information could be used to estimate the proposed

“importance” measure.
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Figure 1.1: Policy positions of main UK parties on environment dimension (PER501)

over time.
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Figure 1.4: Bland-Altman plot comparing positional and saliency-based left-right
scales. The standard Bland-Altman plot is between the difference of paired scales
versus their average. It includes 95% limits of agreement around observed average
agreement, and a line for perfect average agreement (y = 0 line). The regression line
is also plotted to show the trend.
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Figure 1.5: Bland-Altman plot comparing positional and saliency-based European Di-
mension scales. The standard Bland-Altman plot is between the difference of paired
scales versus their average. It includes 95% limits of agreement around observed av-
erage agreement, and a line for perfect average agreement (y = O line). The regression
line is also plotted to show the trend.
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Figure 1.7: Marginal effect of a 0.01 unit increase in party system polarisation on
the probability of pre-electoral coalition formation. Based on original presentation in
Figure 2 (Golder, 2006), re-estimated for saliency-based and positional scales with a
smaller incremental step (0.01 instead of 1 unit increase) following different range of
scales here (from -1 to 1).
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Conservative Manifesto 1997

Conservative Manifesto 2001

The creation of a European single currency would be of enor-
mous significance for all European states whether they are
members or not. We must take account of all the consequences
for Britain of such a major development of policy.

John Major secured for us at Maastricht an opt-out from the
commitment to enter a single currency. It is only because of
this opt-out that we have the right to negotiate and then decide
whether it is in Britain’s interest to join.

It is in our national interest to take part in the negotiations. Not
to do so would be an abdication of responsibility. A single
currency would affect us whether we were in or out. We need
to participate in discussions in order to ensure the rules are not
fixed against our interests. The national interest is not served
by exercising our option - one way or the other - before we
have to.

For a single currency to come into effect, European economies
will have to meet crucial criteria. On the information currently
available, we believe that it is very unlikely that there will be
sufficient convergence of economic conditions across Europe
for a single currency to proceed safely on the target date of
January 1st 1999. We will not include legislation on the sin-
gle currency in the first Queen’s Speech. If it cannot proceed
safely, we believe it would be better for Europe to delay any in-
troduction of a single currency rather than rush ahead to meet
an artificial timetable. We will argue this case in the negotia-
tions that lie ahead.

We believe it is in our national interest to keep our options
open to take a decision on a single currency when all the
facts are before us. If a single currency is created, with-
out sustainable convergence, a British Conservative gov-
ernment will not be part of it.

If, during the course of the next parliament, a Conservative
government were to conclude that it was in our national
interest to join a single currency, we have given a guaran-
tee that no such decision would be implemented unless the
British people gave their express approval in a referendum.

‘We will keep the pound. Labour’s plan for early entry into euro
is the single biggest threat to our economic stability. By keep-
ing the pound we will keep control of our economic policy, in-
cluding the ability to set interest rates to suit British economic
conditions.

(]

The next Conservative Government will keep the pound.

Table 1.1: References to single currency in British Conservative party manifestos for
1997 and 2001 general elections. Emphases in original. Text source: Richard Kim-
ber’s manifesto archive found at http://www.psr.keele.ac.uk/area/uk/man.htm
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Scale Pearson’s r Concordance Bias correction

correlation factor

coefficient 95% CI coefficient 95% CI
rile dimension 0.956 [0.951, 0.960] 0.788 [0.778, 0.797] 0.824
Economic dimension 0.844 [0.831, 0.855] 0.330 [0.315, 0.345] 0.391
Social dimension 0.807 [0.794, 0.819] 0.413 [0.398, 0.427] 0.512
EU dimension 0.597 [0.557, 0.634] 0.029 [0.026, 0.033] 0.049

Table 1.2: Comparing agreement between positional and saliency-based scales. Com-
parison between the two scales is done using Lin’s (1989,2000) concordance correlation. Re-
sults for Pearson’s product-moment correlation are presented for comparison. Confidence in-
tervals are based on 1000 bootstrap replications. In addition, the table includes estimates of
bias correction factor. Bias correction factor is the ratio of concordance correlation coefficient
and Pearson’s product-moment correlation coefficient, with the range (0,1]. It reaches maxi-
mum value of 1 when there is no deviation from the line of perfect concordance, and further
away from 1 means less accuracy (more bias)
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Regressor Dimension 2: Model 2 Dimension 2: Model 3

saliency-based  positional saliency-based  positional
scale scale scale scale
rile left-right -0.0015 -0.0009
(0.0012) (0.0006)
EU integration 0.0194* 0.0018*** 0.0189 0.0019%%*%*
(0.0096) (0.0004) (0.0098) (0.0004)
Social liberal-conservative -0.0021 -0.0008
(0.0023) (0.0006)
Economic left-right -0.0006 0.0003
(0.0020) (0.0005)
Commissioner 0.2961 % 0.2989%** 0.3053%%* 0.3122%%*
(0.0658) (0.0650) (0.0659) (0.0651)
In government 0.2591 %% 0.2177%** 0.2529%%* 0.2055%**
(0.0571) (0.0557) (0.0575) (0.0560)
Constant -0.3027%** -0.3877%** -0.2913** -0.3454%**
(0.0872) (0.0951) (0.0903) (0.1010)
RMSE 0.4214 0.4117 0.4221 0.4122
R? 0.2371 0.2717 0.2387 0.2739
N 304 304 302 302

*p<0.05, ** p<0.01, #* p<0.001

Table 1.3: Replication results for second (EU) dimension in Hix, Noury & Roland
(2006, Table 5). Original results are replicated using saliency-based and positional left-
right scales. Dummy variables for European Parliaments are included but not reported.
Note: Robust standard errors in parentheses.
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Regressor Probit 1 Probit 2

saliency-based  positional saliency-based  positional
scale scale scale scale
Incompatibility -2.008%** -1.096%** -1.487%** -0.857%%**
(0.309) (0.165) (0.270) (0.136)
Polarisation 0.148 -0.373 0.177 -0.212
(0.619) (0.323) (0.240) (0.112)
Threshold 0.016 0.007 0.018** 0.009
(0.012) (0.013) (0.006) (0.006)
Polarisation x Threshold 0.054 0.042%* 0.026* 0.027%*%*
(0.033) (0.018) (0.013) (0.007)
Coalition Size 0.047%** 0.045%** 0.041%** 0.039%**
(0.012) (0.012) (0.008) (0.008)
Coalition Size Squared -0.001*** -0.0001#** -0.0001#** -0.0001***
(0.00001) (0.00001) (0.00001) (0.00001)
Asymmetry -0.056 -0.115 0.031 -0.026
(0.319) (0.316) (0.230) (0.233)
Asymmetry x Coalition Size -0.028%%* -0.026%* -0.023%#%* -0.022%%*
(0.009) (0.009) (0.007) (0.007)
Constant -2.281%** -1.910%** -2.007%** -1.726%**
(0.337) (0.337) (0.185) (0.189)
N 3383 3383 3383 3383
Log likelihood -564.645 -561.913 -622.613 -614.593

*p<0.05, ** p<0.01, #* p<0.001

Table 1.4: Replication results in Golder (2006, Table 1). Original results are replicated
using saliency-based and positional left-right scales.
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Chapter 2

Analysis of Error Processes in
Comparative Manifesto Project:
Stochastic Text Generation and

Human Misclassification
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Abstract

Spatial models of party competition are central to modern political science. Before we can elab-
orate such models empirically, we need reliable and valid measurements of agents’ positions
on salient policy dimensions. The primary empirical times series of estimated party positions
in many countries derives from the content analysis of party manifestos by the Comparative
Manifesto Project (CMP). Despite widespread use of the CMP data, and despite the fact that
estimates in these data arise from documents coded once, and once only, by a single human
researcher, the level of error in the CMP estimates has never been estimated or even fully char-
acterised. This greatly undermines the value of the CMP dataset as a scientific resource. It is
in many ways remarkable that so much has been published in the best professional journals us-
ing data that almost certainly has substantial, but completely uncharacterised, error. This paper
presents an integration of two papers that propose a remedy (Benoit, Laver & Mikhaylov 2009)
and at the same time raise further questions about the reliability of the data (Mikhaylov, Laver
& Benoit 2008). First, the CMP data generating processes are characterised. These inherently
stochastic processes of text authorship, as well as of the parsing and coding of observed text by
humans. Second, these error generating processes are simulated by bootstrapping analyses of
coded quasi-sentences. This allows the estimation of precise levels of non-systematic error for
every category and scale reported by the CMP for its entire set of 3,000+ manifestos. Using
the estimates of these errors, we show how to correct biased inferences, in recent prominently
published work, derived from statistical analyses of error-contaminated CMP data. This part
is based on Benoit, Laver & Mikhaylov (2009). The focus is then shifted to error that arises
during the text coding process. The paper presents the results of a coding experiment that used
trained human coders to code sample manifestos provided by the CMP, allowing the estimation
of the reliability of both coders and coding categories. The effect of coding misclassification
on the CMP’s most widely used index, its left-right scale is demonstrated. This part is based on
Mikhaylov, Laver & Benoit (2008). Finally, conclusions are drawn for future use and design
of the CMP data.

Key Words: Comparative Manifesto Project, content analysis, measurement error, misclassi-
fication.



2.1 Text as a source of information about policy posi-

tions

This paper integrates the results of research on measurement error processes in the Compar-
ative Manifesto Project. It brings together analysis of uncertainty associated with stochastic
generation of political text (manifestos) in Benoit, Laver & Mikhaylov (2009) and analysis of
measurement error due to human misclassification of party manifestos in Mikhaylov, Laver &
Benoit (2008).

Political text is a fundamental source of information about the policies, preferences and
positions of political actors. This information is vital to the operationalisation of many models
at the heart of modern political scienceﬂ Our ability to measure policy positions using political
text is constrained by available methods for systematically extracting information from the vast
volumes of suitable text available for analysis. Recent methods have made progress by breaking
from traditional content analysis to treat text, not as an object for subjective interpretation,
but as objective data from which information about the author can be estimated in a rigorous
and replicable way (e.g. Slapin & Proksch 2007, Monroe & Maeda 2004, Laver, Benoit &
Garry 2003, Laver & Garry 2000). Treating words as data enables the use of conventional
methods of statistical analysis, allowing inferences to be drawn about unobservable underlying
characteristics of a text’s author, for example policy positions, from observable content of the
text. This statistical approach eliminates both subjectivity and the propensity for human error,
making results of text-based analysis easily replicable. A huge benefit is that it generates
measures of uncertainty for resulting estimates—now recognised as a sine qua non for serious
empirical research in the social sciences (King, Keohane & Verba 1994, 9).

A vital issue for any statistical approach to text analysis is the content validity of re-
sulting estimates. All results, however generated, must ultimately be interpreted and judged

valid by expert human analysts. This is why purely statistical techniques for text analysis can

LOf course there are many alternative ways to measure political positions, including but not limited
to: the analysis of legislative roll calls; survey data on preferences and perceptions of political elites;
survey data on preferences and perceptions of voters; surveys of experts familiar with the political
system under investigation; the analysis of political texts generated by political agents of interest. Benoit
& Laver (2006) review and evaluate these different approaches.
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never completely replace human interpretative coding. The key advantage of computational
techniques for statistical text analysis is their great potential to generate rigorous analyses of
vast volumes of text, far beyond the capacity of any feasible team of human coders. Before
we accept the resulting estimates as valid, however, these must be calibrated against results
generated by human interpretative coders working with at least a small representative subset
of the text under investigation. This means that estimates generated from human interpretative
text coding must also be rigorously derived and replicable. In particular such estimates must
come with associated measures of uncertainty so we can know whether they are “the same as”
or “different from” other measures with which they are compared. Absent this rigour, human
interpretative text coding is of no systematic value in validating results generated using other
techniques. Unfortunately, results generated by human interpretative coding of a given text are
often reported as point estimates with no associated measures of uncertainty. Our task here is
to begin the process of addressing this issue.

While our arguments below relate to any type of text, we focus in particular on a set of
political texts that has been extensively studied: party manifestos. A huge number of mani-
festos have been analysed, using human interpretative coders, by the Comparative Manifestos
Project (CMP) First reported in 1987 (Budge, Robertson & Hearl 1987), a hugely expanded
version of this dataset was reported in the project’s core publication, Mapping Policy Prefer-
ences (Budge et al. 2001, hereafter MPP), to have covered thousands of policy programs, issued
by 288 parties, in 25 countries over the course of 364 elections during the period 1945-1998.
The dataset has recently been extended, as reported in the project’s most recent publication
Mapping Policy Preferences Il (Klingemann et al. 2006, hereafter MPP2), to incorporate 1,314
cases generated by 651 parties in 51 countries in the OECD and central and eastern Europe
(CEE). Commendably, these data are freely available and have been very widely used, as can
be seen from over 800 Google Scholar citations by third-party researchers of core CMP pub-

lications The CMP data are particularly attractive to scholars seeking long time series of

2 We also note, however, that the CMP is not the only text-based measure that is based on party
manifestos: Laver & Garry (2000), Laver, Benoit & Garry (2003), and Slapin & Proksch (2007) are also
examples.

3 As of August 25, 2007. The precise number of third-party citations is hard to calculate because
third-party users are likely to cite several CMP sources in the same paper.
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party policy positions in many different countries, for whom this dataset is effectively the only
show in town. Despite their pervasive use by the profession, however, these data come with
no associated measures of uncertainty. The reliability of many CMP scales, especially the left-
right scale, has been investigated (e.g. McDonald & Mendes 20015, Hearl 2001, MPP2, ch.
5), as has the validity of CMP scales in comparison with external measures (e.g McDonald &
Mendes 2001a, Hearl 2001, MPP2, ch. 4). But there is no estimate of uncertainty that accom-
panies the very precise point estimates of policy emphasis that are the essential payload of the
CMP and form the basis of any scales estimated from the CMP dataset.

This problem has long been noted by both the project and its critics (e.g. MPP2, ch.
5; Benoit & Laver 2007a) but we still lack a solution. Reliable and valid use of CMP data,
however, mandates measurement of uncertainty in the policy estimates deployed. Without
such measures, users of CMP data cannot distinguish between “signal” and “noise,” between
measurement error and the “real” differences in policy positions that are at the heart of so many
theoretical models. As we show below, we can infer far less actual change in party policy
from one election to the next, using observed changes in CMP estimates, since some of the
observed change can be attributed to textual noise. Compounding this problem, CMP estimates
of party policy positions are typically used as explanatory variables. Ignoring measurement
error in such variables leads to biased inferences about causal relationships, and thus to flawed
research findings. The unmeasured level of non-systematic error in the CMP dataset drastically
undermines its primary value for the profession, as a reliable and valid set of estimates of party
policy positions across a wide range of years, countries and policy dimensions. If this problem
can be fixed, not only will CMP data be much more useful in themselves, they will also be
much more valuable as sources of calibration for techniques of computational text analysis that
can in turn be deployed in vastly more ambitious projects.

We address this problem by decomposing stochastic elements in the data generation pro-
cess underlying interpretative content analysis by humans. This has two essential components:
text generation and text coding. In this paper, we focus on measurement uncertainty arising
from the stochastic nature of political text itself. Any observed text is but one of a huge num-

ber of possible texts that could have been generated by an author intent on conveying the same
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message. Characterising stochastic text generation allows us to systematise the blindingly ob-
vious but hitherto neglected intuition that longer texts tend to contain more information than
shorter ones. Thus there is huge variation in the length of texts analysed by the CMP; some
coded texts are more than 200 times longer than others. Astonishing as this seems the moment
we think about it, all published work using CMP data assumes all texts are equally informative.

The text coding component usually takes the approach of analysing the content of texts
using a categorical scheme consisting of two steps (Krippendorff 2004, 219). First, texts are
parsed into smaller units relevant to the research question, such as words, sentences, or quasi-
sentences, depending on the research design. Following this first step of unitisation, a second
step involves coding each unit by assigning a category from the coding scheme to each text unit.
Both steps can be held to scrutiny according not just to the validity of the resulting information,
but also for the reliability of the procedure, two criteria that often trade off with one another in
practice.

Whenever non-deterministic instruments—such as human beings—are used to unitise
and code texts, then the content analysis procedure faces potential problems with reliability.
Depending on how unreliable the procedure is, estimates constructed from the codings may
lack validity because of the noise or even bias introduced by the content analysis procedure.
Reliability is no guarantee of validity, however, and in practice validity tends to suffer in the
pursuit of maximising reliability. Indeed, the debate over computerised versus hand-coded con-
tent analysis largely revolves around the tradeoff between reliability and validity. Proponents
of computerised schemes for estimating party positions from political manifestos (e.g. Laver,
Benoit & Garry 2003, Laver & Garry 2000, Slapin & Proksch 2007) cite perfect reliability in
their favour, and struggle to demonstrate validity, while hand-coded schemes such as the CMP
claim validity as a central advantage and then devote huge resources to attempts to enhance
reliability (see for instance Klingemann, Volkens, Bara, Budge & McDonald (2006) chs. 4-5).

As a thought experiment, suppose we want to estimate the position on a left-right scale
of French president Nicolas Sarkozy, using as texts the complete set of speeches he made on
the record during 2007. We could count the frequencies ny, n, of the letters “1” and “r” in each

text and measure the Sarkozy’s position on a left right policy scale as (n, —n;)/(n,+n;). This
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would be a superbly reliable technique, easily implemented using computers, but probably also
possible using chimpanzees trained in character recognition. Anyone claiming it as a valid
measure, however, would be pitied rather than published. Nor is the problem cured by taking
account of the fact that the speeches are in French and redefining the measure using frequencies
of the letters “g” and “d”. Rather, the problem is that this overly simplistic coding scheme does
not link the text units or the coding frame to valid verbal manifestations of politically left or
right policy, even though either computers or trained monkeys could implement it with a perfect
or at least very high degree of reliability.

We could vastly improve on validity by selecting a better coding scheme. Leaving
aside more nuanced ideological differences for the moment, assume we propose a new cod-
ing scheme consisting of two categories, “left” and “right”, and that the task is to tag each
sentence from Sarkozy’s speeches according to this binary classification. To code the texts
with this scheme, we could recruit a panel of scholars accepted within the profession as the
world’s greatest experts on French politics, ask them to read the Sarkozy speeches and then
classify each sentence as left or right. Every sane person would agree that our new measure
is much more valid than the earlier letter-based approach, but we now have a new problem in
that the experts will surely disagree on how at least some sentences should be classified. The
experts must apply subjective judgements based on their interpretation of the each sentence’s
meaning—indeed this is why we chose them over the chimpanzees, whose expected agreement
would have been 25% through pure chance. Subjective judgments are at the very least subject
to stochastic variation, ranging from a sudden bout of acute indigestion on the part of a coder,
to the fact that different coders may have listened to different news stories on different morn-
ings before they began their coding exercise, to different toss-up judgement calls any or all of
them might make at any given time. In addition, our coders might deem that many sentences
in Sarkozy’s text that have nothing to do with either left or right, and as retaliation for the
limited choices offered by our coding scheme, may randomly assign such sentences to “left”
or “right”. Even worse, our coders might tend to categorise ambiguous sentences as “right”
given their contextual knowledge about Sarkozy. Either way, our procedure will yield different

answers each time we repeat it, with some sentences being subject to misclassification each
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time, and resulting in summary estimates whose validity is now suspect. Part of the problem
has arisen from the fundamentally indeterminate nature of human judgement, but this problem
has been compounded by a poor coding scheme—two interrelated aspects to which we return
at length below.

Ideally, of course, we would like the policy positions we estimate from political texts to
be valid and unbiased, constructed from procedures that are perfectly reliable and reproducible.

A research procedure, according to Krippendorff,

is reliable when it responds to the same phenomena in the same way regardless of
the circumstances of its implementation...In content analysis, this means that the
reading of textual data as well as of the research results is replicable elsewhere,
that researchers demonstrably agree on what they are talking about. (Krippendorff
2004, 2111

In any content analysis scheme using human coders to apply a coding scheme with any degree
of meaning, however, perfect reliability is virtually impossible. Our first task as data analysts,
therefore, is to identify and characterise problems of validity and reliability, as well as potential
consequences (such as bias) in our research procedure and resulting estimates. Absent this, our
estimates are worthless. Indeed they are in a real sense worse than worthless since we have
no idea at all how good or bad they are, completely undermining any procedural confidence
in the veracity of the results produced by the research. When it comes to interpreting data, an
unreliable research procedure casts basic doubts as to the meaning of the data and what any
analysis of these data would mean (Krippendorff 2004, 212). Our first priority should therefore
be to characterise problems regarding validity, reliability, and bias in our research procedure,
and our second task to work as hard as we can to minimise their effects.

We proceed as follows. First, we describe the CMP dataset and the processes that led to

its generation. Focusing on stochastic text generation and the impact of text length on measure-

“4Krippendorff (2004, 214) identifies three types of reliability: stability, reproducibility, and accuracy.
Stability is concerned with possible change of coding results on repeated trials. This type of reliability
has a coder reanalysing the same manifesto after a period of time in order to highlight any intra-coder
disagreement. A stronger measure of reliability is reproducibility, also called inter-coder reliability. This
measure assesses the degree of replication of coding results by two distinct coders working separately.
It covers intra-coder disagreement and inter-coder differences in interpretation and application of the
coding scheme. Accuracy tests the conformity of coding process and data generation procedure to some
canonical standard, and is perceived to be the strongest test of reliability. It can be used effectively at
the training stage when coder’s performance can be compared to some ‘true’ results.
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ment uncertainty, we show two different ways to calculate standard errors for each estimate in
the CMP dataset; one relies on analysis, one on simulation. Analysing these error estimates
we find that many CMP quantities, even assuming perfectly reliable human coders, should be
associated with substantial uncertainty. We show how these error estimates can be used to
distinguish substantive change from measurement error in both time-series and cross-sectional
comparisons of party positions. We suggest ways to use our error estimates to correct analyses
that use CMP data as co-variates, re-running and correcting some prominent analyses reported
in recent literature [

Next we focus on measurement uncertainty arising from stochastic variation in the cod-
ing of a given observed text by human coders. CMP data are widely used by third party re-
searchers to measure policy positions of political parties on an election-by-election basis, in-
deed they are profession’s primary source of such data. We know axiomatically that these data
have problems of validity, reliability and bias, just as all data do. Here our main substantive
interest lies in developing a more systematic characterisation of some of these problems than
has hitherto been attempted. We set out a framework for reliability and misclassification in
categorical content analysis, and apply this framework to the CMP coding scheme. To come to
concrete terms with reliability and misclassification in the context of the CMP, we designed and
carried out a series of coding experiments on texts for which the CMP has supplied a “correct”
coding, and we report on these testsE]

Finally, we discuss the results of our analysis of stochastic text generation and stochastic
human coding of manifestos. We discuss the implications of our results for continued use of
the CMP research. Our aim in doing this is to increase the professional value of the CMP data

by enhancing our ability to draw reliable, valid and unbiased statistical inferences from these.

2.2 From Policy Positions to Coded Dataset

Before we characterise error in the CMP dataset, we must understand the processes by which

this error arises. These are essentially the same processes that underlie any human interpretative

3See Benoit, Laver & Mikhaylov (2009) for an earlier presentation.
6See Mikhaylov, Laver & Benoit (2008) for an earlier presentation.
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coding based, wholly or partially, on text sources. They therefore apply more generally to the

many social science datasets that include variables generated by humans who read some text

and then record a quantitative coding conditioned on this. To aid exposition, however, we focus

on the data generation processes underlying the CMP. These are summarised in Figure [2.1]
[FIGURE 2.1 ABOUT HERE]

The premise of all content analysis is that there is something to be analysed. Here, we
think of this as the true policy position, T of the author of some text. This is fundamentally
unobservable even, arguably, to the author. If the author is not a hermit, s/he may want to send
signals about this position to others. These may represent “sincere” attempts to communicate
T or “strategic” attempts to communicate some other position. There is a strategic model of
politics, M, that characterises the author’s incentives to signal a policy position that may or
may not be the same as 7 - we can think of this as the intended message, u. Note that u exists
only in the brain of the author and is also fundamentally unobservable.

Having formed the intention to communicate y, the author generates some text, T, to do
this job. Every time the author sets out to communicate y, s/he is likely to generate a slightly
different T. As an aid to intuition here, consider what happens when an author’s hard disk
crashes after a long hard day of manifesto writing. First, hair is torn out. Then an attempt is
made to recreate the day’s work. The recreated text is very unlikely indeed to be identical to the
lost text; indeed the author may well think of “better” ways to say the same thing, when given
the job of saying it all over again. Now think of different authors, with somewhat different
literary styles, all trying to convey precisely the same message. In a nutshell, there are many
different versions of T that could be generated with the sincere intention of conveying the same
u. There is a stochastic text generation process T, that maps u into T.

We now have an observed text T, which we can take as having a “certain” content, at
least to the extent there are unambiguous text characters deposited on the page. The process
of reading the text now begins. In terms of a project such as the CMP, this involves a human
expert reader first breaking the text into units, “quasi-sentences” in the argot of the CMP, and
then subjectively assigning these text units to categories in a predefined coding scheme. This

scheme is a measurement instrument, I. In the CMP’s case / is a 56-category scheme describing
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different types of policy statement the author might make, or 57 categories if the “uncoded”
category is also included. The CMP scheme was defined by a particular group of scholars
meeting in the mid-1980s. It is almost certain that a different group of scholars meeting at the
same time, or the same group of scholars meeting at a different time, would have defined a
different coding scheme. The realised CMP coding scheme / is thus one of a huge number of
possible coding schemes that could have been realised.

Given an observed text T and a realised coding scheme /, expert human readers interpret
text units in T and allocate these to coding categories in /. This coding process has both subjec-
tive and stochastic elements. The same human reader at different times, or a different human
reader at the same time, may well allocate the same text unit to different coding categories.
There is thus a stochastic text coding process C that, given I, maps T into 8, a database of text
codings. Given the stochastic processes we have outlined above, the codings in J are associated
with considerable uncertainty.

The analyst wants the database of text codings in the first place because s/he wants to
estimate something about the text’s author. This involves scaling the data, using some scaling
model S. Clearly, there are many different scaling models that could be applied to the same
database of text codings. The result of applying scaling model S to the database of text codings
in & will be a set of scales A. In relation to the CMP, a very well-known scale is the left-right
scale called rile. This is the feature of the scaled CMP dataset that is overwhelmingly the
most commonly used in published work. There are, of course, many different possible sets of
scales A that could be developed by applying scaling model S to database 8.

Finally, the circle is closed as the analyst uses a text’s measured scale positions, given
A, to make inferences about the text’s author. These inferences may concern the author’s
text deposits T, “true” position 7 or intended message u. Statistical inference in these matters
can rely on conventional techniques. Logically valid inferences are increasingly dependent on
underlying theoretical models as they move back the causal chain from T to u to 7.

We have been very explicit about all of this because it is important to focus carefully
on particular features of the long process of causal inference summarised in Figure Lack

of clarity about this can, for example, lead to misplaced criticisms of the CMP data. Many
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of the alleged shortcomings attributed to the estimation of party positions from manifestos,
for instance, concern the validity of using manifestos as unbiased, observable implications of
true party positions. It is frequently argued, for example, that party manifestos are strategic
documents that do not convey the “true” party position, in effect that u # 7. But this is not a
measurement issue. Assuming we can measure the intended message u from the observed text
T in an unbiased way, this is a matter of specifying the correct strategic model M that maps u
into . The claim that manifestos are strategic documents does not therefore have any bearing
on CMP text codings, but rather on the logical inferences that are drawn from these about
unobservable “true” policy positions 7. The solution to this problem is not better text codings
in & but a better strategic model of politics, M. Similarly, it is perfectly reasonable to argue
that the CMP’s additive left-right scale rile is flawed and that other left-right scales using the
same data, for example those proposed by Gabel & Huber (2000), or by Kim & Fording (1998),
are more valid bases for drawing inferences about the policy positions, u or 7, of text authors.
Again, this does not concern the database of CMP text codings, d, but rather the validity of the
scaling model S that maps these into a set of derived scales A. The solution to this problem is a
better scaling, not better text codings.

Figure [2.T] also helps us focus on features of the CMP dataset that are indeed intrinsic
to the data collection project itself, further distinguishing between problems that can be fixed
without recourse to additional data collection and those that cannot be addressed without new
data on the coding of party manifestos. Thus far little attempt has been made to take account of
the fact that the CMP’s core measurement instrument /, its 57-category coding scheme, is but
one realisation of the many possible coding schemes that could have been devised[] Clearly the
CMP coding scheme is an utterly integral feature of the CMP dataset. Equally clearly, assessing
the implications of this involves recoding the same documents using different schemes, and
thus a major new data collection enterprise.

Previously very little attempt has been made, furthermore, to characterise the stochastic

coding process, C, by estimating the extent of variation between coders in applying the same

7 Laver & Garry (2000) recoded some party manifestos using what they felt to be a more valid,
hierarchically structured, coding scheme. Schofield & Sened (2006) report results of having experts
recode manifestos using national election study questionnaires coding schemes, to allow party and voter
positions to be mapped into a common space.
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coding scheme / to the same text T. This cannot be investigated without conducting multiple
human codings of the same document using the same coding scheme and thus also involves
a major new data collection enterprise. Considerable attention has, however, been paid to the
reliability and validity of scales derived from the CMP database of text codings, reflected in
extensive discussion of the validity of the CMPs rile scaleﬁ Such discussions about scaling
do not hinge on the collection of a new database of new text codings, 9, but rather on how a
given dataset should be scaledﬂ

We are not concerned here with building scales from the CMP data, but with another
aspect of the CMP manifesto dataset that can be addressed without a major new data collection
exercise. This concerns the fact that there is a stochastic text generation process, T', that maps
the intended message u into an observed text T. We model this process below, using both
analytical techniques and simulations, allowing us to formalise the intuition that longer political
texts, other things being equal, convey more information about their authors. After that we turn
to characterise the stochastic coding process, C, by estimating the extent of variation between

coders in applying the same coding scheme / to the same text T in a set of experiments.

8This is particularly important because the overall content validity of the CMP dataset is claimed,
by the CMP itself, in terms of the extent to which time series estimates of party positions on rile
track received wisdoms among country experts about “real” party movements over time on the left-right
dimension.

9However, a related issue concerns the format in which the CMP data are distributed and used.
Formally, the full database & of CMP text codings comprises an ordered sequence of all coded text
units for each text, each unit tagged by which coding category it was assigned to by different coders.
The CMP issues, and indeed itself works with, a vastly reduced “scaled down” version of 8. (Indeed
it is not clear that the full & continues to exist for this dataset.) Thus the “semi-scaled” version of the
CMP dataset familiar to most scholars involves a set A of 57 scales, each scale measuring the relative
emphasis given to each coding category as the proportion of text units coded into this category. This
is, of course, only one of many possible ways of performing data reduction on the underlying dataset
of text codings, 8. A scholar wanting to measure the relative importance of issues in terms of whether
these were mentioned earlier rather than later in a manifesto, for example, has no way of retrieving
this information from the distributed CMP dataset, even though this information did exist for all coded
manifestos at some time in the history of the project.
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2.3 Characterising the Stochastic Process of Text Gen-

eration

In what follows, we want to estimate the level of uncertainty in CMP estimates of party policy
positions that arises from the stochastic process of text generation. Before going forward,
therefore, it is important to be clear about which of the processes mapped in Figure [2.1| we are
going to hold constant. Taking things from the top, we are not concerned with modeling the text
authors’ strategic incentives to dissemble. We thus in effect assume that u = 1. Readers who do
not believe this must specify a strategic model M of politics, mapping u into T, that we do not
consider here. The stochastic process, C, of human text coding is directly estimated below, but
to make analysis feasible it is held constant here. The only assumption we make about C is that
this stochastic process is unbiased. We take the CMP’s 57-category coding scheme as given
and do not concern ourselves with the datasets that alternative coding schemes might have
produced. While the scaling model S that has been applied to the database of CMP codings
clearly raises crucial issues, we take two core features of this as given in what follows. The first
is the scaling assumption that measures a text’s relative emphasis on a CMP coding category as
the percentage of coded text units assigned to that category. The second is the precise definition
of the CMP’s rile scale. What we do focus on in this section is the stochastic process 7" that
maps text authors’” unobservable policy positions Tt(= u) into observable text deposits T.

For a given policy category j, define 7;; as the true but unobservable policy position of
the text’s author, represented as country-party-date unit i. The j categories in this case are the
56 policy categories in the CMP coding scheme, plus an additional category for “uncoded,”
giving a total of kK = 57 categories. Since, according to the CMP’s measurement model, true
policy positions are represented by relative or “contrasting” emphases on different policy cate-

gories within the manifesto, these policy positions are relative proportions, with ZIJ‘-ZI ;= 1

10 In what follows, we refer to these quantities as policy “positions.” The CMP’s saliency theory
of party competition is neither widely accepted nor indeed taken into any account by most third-party
users of CMP data. However, inspection of the definitions of the CMP’s coding categories reveals that all
categories but one of the 56 are very explicitly positional in their definitions, which refer to “favourable
mentions of...” , “need for...,” etc. The sole exception is PER408 “Economic goals” , a category which
is (quite possibly for this reason) almost never used by third-party researchers. For this reason, we
do not regard it as in any way problematic that third-party users almost invariably interpret the CMP’s
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For example, party i’s emphasis, for a given election, on the 20th issue category in the CMP
coding scheme (401: Free Enterprise), is represented as .

We can never observe the “true” policy positions of manifesto authors, 7;;. It is possible,
however, to have a human coder analyse party i’s manifesto using the CMP’s coding scheme,
and thereby to measure the relative emphasis given in the manifesto to each ;;. This is mea-
sured as py,...p, where p; >0 for j=1,...,kand Z';ZI pj = 1. In the absence of systematic
error (bias):

E(pij) = m; 2.1)

In other words, the observed relative emphasis given to each coding category in a party’s
manifesto will on average reflect the true, fixed, and unobservable underlying position 7;;. The
realisation of 7;; in any given manifesto, however, reflects the stochastic process of text author-
ship, yielding the observed proportions p;;. Every time a manifesto is written with the intention
of expressing the same underlying positions 7;;, we expect to observe slightly different values
Dij-

Given this characterisation of both observed and unobservable policy positions, which
directly follows the CMP’s own assumptions, we can postulate a statistical distribution for
observed policy positions. If we assume each text unit’s allocation to a policy category is inde-
pendent of the allocation of each other text unit, then we can characterise the CMP’s realised
manifesto codings as corresponding to the well-known multinomial distribution with parame-
ters n; and 7;;, where n; refers to the total number of quasi-sentences in manifesto i. The prob-
ability for any manifesto i of observing counts of quasi-sentences x;; from given categories j is
then described by the multinomial formula:

n! 1 k k L
B B - Wﬂ:}( Ri when ijlxj—n
Pr(Xj—xj,...,Xk—xk)— ’

0 otherwise

2.2)

In the context of the CMP coding process for a given manifesto, each x; represents the
number of text units coded to a given category j, since through the multinomial expectation,

E(xi;) = pijni. In terms of the “PER” or percentage categories reported by the CMP for each

“saliency” codings as “positional.”
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manifesto, what is actually reported is x;;/n;;100, or the estimate of manifesto i’s “true” per-
centage (7;;100) of the quasi-sentences from category j. We have no additional information
that might lead us to conclude there is a systematic function mapping (in a biased way) the true
position to a different expected observed position—already expressed by Equation 2.1} Our
concern here is with non-systematic (unbiased) error, which is the extent to which Var(p;;) > 0,
even though 7;; is fixed at a single, unvarying pointE]

So far we have considered only the case of a “given” manifesto, but of course the com-
bined CMP dataset set deals with many such units—a total of 3,018 separate units representing
different combinations of country, election date, and political parties for the combined (MPP +
MPP2) datasets If we are to fully characterise the error from the stochastic process whereby
texts are generated, then this will mean estimating Var(p;;) for every manifesto i for all k = 57
categories

The lengths (n;) of the coded manifestos underlying the CMP dataset vary significantly,
although this valuable information is almost never referred to by subsequent users of CMP
data. About 30 percent of all coded manifestos had less than 100 quasi-sentences, coded into
one of 56 categories. Some had less than 20 quasi-sentences; some had more than 2000.
Despite very wide variation in the amount of policy information in different manifestos, policy
positions estimated from CMP data are almost always treated in the same way, regardless

of whether they are derived from coding 20 text units, or 2000 The total number of text

' In the language of classic reliability testing, we are concerned here with estimating the error vari-
ance 6%, related to reliability classically defined as 1 — 6% /6%. When 6% is unobserved—as is always
the case with manifesto coding—a variety of surrogate methods may be used to estimate the reliability
of the CMP estimates, many of which have been explored previously (e.g. McDonald & Mendes 20015).

121t is not quite accurate to state that the dataset represents 3,018 separate manifestos, since some of
these country-election-party units share the same manifesto with other parties (progtype=2) or have
been “estimated” from adjacent parties (progtype=3). See Appendix 3, MPP. The full CMP dataset
also failed to provide figures on either total quasi-sentences or the percentage of uncoded sentences for
141 manifesto units, limiting the sample analysed here to 2,877.

I3Note that there are reasons, however, to believe that the multinomial assumptions that the 7;; (and
resulting X;;) categories are independent and identically distributed, are almost certainly wrong, since
political views of one type tend to be correlated with those of related, but separately coded types. We
return to this issue below in comparing the parametric (multinomial) model to non-parametric errors
estimated from bootstrapping.

4We also note that not all quasi-sentences can be coded, giving rise to a non-trivial category for
“uncoded” content. While the median percentage of uncoded content is low, at 2.1%, the top quarter of
all manifestos contained 8% or more of uncoded content, 10 percent of manifestos contained 21% or
more uncoded content.
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units found in a manifesto appears to be, absent systematic information or prior expectation
on this matter, unrelated to any political variable of interest. Yet, while assuming that the
proportions T;; remain the same regardless of document length, increasing the length of a
manifesto does increase confidence in our estimates of these proportions. This reflects one
of the most fundamental concepts in statistical measurement: uncertainty about an estimate
should decrease as we add information to that estimate[™| Given that our characterisation of
the stochastic process that produces observed text categories depends directly on the length of
the text, we show next how to use this information to produce error estimates directly reflecting

this basic uncertainty principle.

2.4 Estimating Error in Manifesto Generation

2.4.1 Analytical error estimation

One way to assess the error variance of estimated percentages of text units of the CMP’s 56
coding categories is through the analytic calculation of variance for the multinomial distribution
we have used to model category counts. The goal is to determine the variance of each of
the policy (“PER”) categories reported by the CMP, which in the language described above
represent ft;;100 for each category j and each manifesto i. Here we assume no coding bias (by
Equation @), where each 7;; represents the true but unobservable position of country-party-
date unit i on issue j.

Returning to the definition of the multinomial distribution in Equation [2.2] for any multi-

nomial count X;;, the variance is defined as

Var(X,-j) = n,-pij(l — Pij) (23)

SExperience from the CMP has also found that human coders tend to unitise the texts into quasi-
sentences in a less than perfectly reliable fashion, although this is an aspect of coder variance that we do
not deal with here. An analysis of results from repeated codings of the training document used by the
CMP to initiate new coders by Volkens (2001b) gives us insight into deviation by different coders from
the “correct” quasi-sentence structure, as seen by the CMP. Volkens reports that average deviation from
the “master” quasi-sentence length by thirty-nine coders employed in the CMP was around ten percent.
In the CMP coding tests we have analysed ourselves, which involve 59 different CMP coders in the
course of training, coders identified between 127 and 211 text units in the same training document, with
a SD of 19.17 and an IQR of (148, 173).
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Following the algebraic manipulation and dropping the manifesto index i for simplicity):

E(X;) = np;
Xj = npj
Xj i '
n P
1
Var(xj> = Var(p;)
n
1
;Var(xj) = Var(pj)
1
;npj(l—l?j) = Var(p;)
1
L pill=p;) = Var(p))

Translating into the CMP’s percentage metric (p; * 100):

10,000
10,000Var(pj) = ——p;(1=p;)
100
SD(p;100) = Tn pi(1—pj)

This allows to express the variance of the proportion p;;, and the rescaled percentage

(used by the CMP as):
1
Var(p;j) = ;pij(l—l?ij) 24
100
SD(p;;100) = NG pij(1—pij) (2.5)
1

In part, then, the error will depend on the size of the true percentage of mentions p;;100
for each “PER” category j. Assuming this quantity is fixed for each party-election unit i,
however, what is variable as a result of the data generating process is the length n; of the
manifesto. This aspect of the error in the CMP estimates, therefore, is inversely proportional
to the (square root of the) length of the manifesto. This should be reassuring, since it means

that longer manifestos reduce the error in the estimate of any coding category j, irrespective of
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p;. Longer manifestos provide more information, and we can be more confident about policy
positions estimated from them.

The situation is more complicated for additive measures such as the pro-/anti-EU scale
(PER108 - PER110) or for the CMP’s widely-used left-right scale, an additive scale obtained
by summing percentages for 13 policy categories on the “right” and subtracting percentages
for 13 categories on the “left.” This is because, for summed multinomial counts, the co-
variances between categories must also be estimated, since it is a property of variance that
Var(aX + bY) = a*Var(X) + b>Var(Y) +2abCov(X,Y). There are several strong reasons, in-
cluding the limited observations we have of non-random ways in which different human coders
code the same text unit into different categories, as well as innate substantive relationships be-
tween coding categories, to suspect that these covariances will be non-zero. For these reasons,
we do not recommend using analytically derived errors for composite scales aggregated from
the CMP’s 56-category scheme, instead advocate a more general, non-parametric approach:

simulation.

2.4.2 Estimating Error Through Simulation

Given potential analytical problems we identify at the end of the previous section, we suggest
an alternative way to assess the extent of error in CMP estimates. This uses simulations to
recreate the stochastic processes that led to the generation of each text, based on our belief that
there are many different possible texts that could have been written to communicate the same
underlying policy position. We do this by bootstrapping the analysis of each coded manifesto,
based on re-sampling from the set of quasi-sentences in each manifesto reported by the CMP.
Bootstrapping is a method for estimating the sampling distribution of an estimator through
repeated draws with replacement from the original sample. It has three principal advantages
over the analytic derivation of CMP error in the previous section. First, it does not require any
assumption about the distribution of the data being bootstrapped and can be used effectively
with small sample sizes (N < 20) (Efron 1979, Efron & Tibshirani 1994). Second, bootstrap-
ping permits direct estimation of error for additive indexes such as the CMP “right-left” scale,

without making the assumptions about the covariances of these categories required to derive an
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analytic variance. Since exact covariances of these categories are unknown, sample dependent,
and influenced by non-random coder errors, it is highly speculative to make the assumptions
needed for analytical computation of variance for additive scales. Finally, simulation allows
us to mix error distributions, a key requirement in our case if we wish to incorporate addi-
tional forms of error. For instance, we might also wish to simulate coder variances such as the
(possibly normally distributed) differences in text unitisation mentioned by Volkens (20015b),
although we do not do so here. For all of these reasons, we always prefer the bootstrapped error
variances over an analytic solution for additive CMP measures such as the left-right scale.

The bootstrapping procedure is straightforward. Since the CMP dataset contains per-
centages of total manifesto sentences coded into each category, as well as the raw total number
of quasi-sentences observed, we convert percentages in each category back to raw numbers.
This gives a new dataset in which each manifesto is described in terms of the number of sen-
tences allocated to each coding category. We then bootstrap each manifesto by drawing 1,000
different random samples from the multinomial distribution, using the p; as given from the re-
ported PER categories. Each (re)sampled manifesto looks somewhat like the original manifesto
and has the same length, except that some sentences will have been dropped and replaced with
other sentences that are repeated. We feel this is a fairly realistic simulation of the stochastic
text generation process. The nature of the bootstrapping method applied to texts in this way,
furthermore, will strongly tend to reflect the intuition that longer (unbiased) texts contain more
information than shorter ones.

One problem that is not addressed by bootstrapping the CMP manifesto codings is that,
as anyone who has a close acquaintance with this dataset knows, many CMP coding cate-
gories are typically empty for any given manifesto—resulting in zero scores for the variable
concerned. No matter how large the number we multiply by zero, we get zero. Thus a user
of CMP data dealing with a 20-sentence manifesto that populates only 10 coding categories
out of 56 must in effect assume that, had the manifesto been 20,000 sentences long, it would
still have populated only 10 categories. In extremis, if some manifesto populated only a single
CMP coding category, then every sampled manifesto would be identical. We cannot get around

this problem with the CMP data by bootstrapping, unless we make some very interventionist
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assumptions about probability distributions for non-observed categories. We prefer to assume
that zero categories—for example zero mentions of the European Union by Australian party
manifestos in 1966—reflect a real intention of the text author not to refer to the matter at issue.
We thus, for want of better information, take zero categories at face value |1

The great benefit of bootstrapping CMP estimates to simulate the stochastic process
of text generation is that we can generate standard errors and confidence intervals associated
with the point estimates, not only for each coding category but also for scales generated by
combining these categories. Furthermore, even though we have strong reasons to believe CMP
estimates follow a multinomial distribution, bootstrapping provides error estimates without
needing to assume any distributional information not present in the observed quasi-sentences
from the texts themselves.

[FIGURE[2.2 ABOUT HERE]

The results of this bootstrapping procedure are illustrated in Figure 2.2] which shows
the relationship between manifesto length, in quasi-sentences, and the bootstrapped standard
error for PER501, the “pro-environment” category (panel a), as well as for the additive CMP
left-right scale (panel b) As predicted in the previous section, error variances decline directly
with (logged) manifesto length. The wide differences, indicated by the thick band in panel (a)
reflect the very different proportions coded into p;perso1 for different manifestos.

[FIGURE 2.3 ABOUT HERE]

In Figure[2.3] we compare the bootstrapped error variance and the variance computed an-
alytically (per Equation [2.5), for the single-category environmental policy measure (PER501).

The results of this bootstrapping provide error variances that decline as exponential func-
tions of text length, something that holds true both for single categories and for additive scales
such as the CMP “right-left”. In addition, comparing bootstrapped error variance with variance

computed analytically (per Equation[2.5)), we get nearly identical results. The near equivalence

16There are several methods for dealing with empty observed categories in text analysis and natural
language processing, but since these modifications systematically affect the likelihoods, they relate more
to systematic than the purely non-systematic error which forms our focus here. In addition, when
we tested simple methods to deal with non-zero categories—e.g. ‘“add-one” smoothing (Jurafsky &
Martin 2000, Ch. 6.3)—these changes made no noticeable differences to our results.

"Given the distribution of the data, both axes of Figure uses logarithmic scales and the figure
demonstrates clearly that the level of bootstrapped error in this scale error is very strongly related to
manifesto length—short manifestos have much more potential for error of this type than the long ones.
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of these two very different methods for estimating standard errors adds to our confidence in
both the analytical derivation of CMP error variance and the method of bootstrapping text units
in manifestos. When we apply our new error estimates to specific empirical research problems
in the next section, we use the bootstrap-estimated error as our best approximation of overall

non-systematic error in the CMP’s reported estimates.

2.5 Using CMP Error Estimates in Applied Research

There are two main reasons to estimate policy positions of political actors. The first is cross-
sectional: a map of some policy space is needed, based on estimates of different agent positions
at the same point in time. The second is longitudinal: a time series of policy positions is needed,
based on estimates of the same agent’s policy positions at different points in time. Alternative
techniques can estimate cross-sectional policy spaces; the signal virtue of the CMP data, and
the dominant reason for its use by third-party scholars, is that it purports to offer time series
estimates of party policy positions. However, neither cross sectional nor time series estimates
of policy positions contain rigorously usable information if they do not come with associated
measures of uncertainty. Absent any such measure, estimates of “different” policy positions
may either be different noisy estimates of the same underlying signal, or accurate estimates of

different signals.

2.5.1 Estimating valid differences

A substantial part of the discussion found in MPP and MPP2 of the face validity of the CMP
data comes in early chapters of each book, during which policy positions of specific parties
are plotted over time. Sequences of estimated party policy movements are discussed in detail
and held to be substantively plausible, with this substantive plausibility taken as evidence for
the face validity of the data. But are these vaunted changes in party policy “real,” or just mea-
surement noise? We illustrate how to answer this question with a specific example related to
environmental policy in Germany, a country where environmental policy is particularly salient,

and also where the CMP has been based for many years. Figure plots the time series of
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the estimated positions of the CDU-CSU, for a long time Germany’s largest party, on PER501

(Environment: Positive in the CMP coding scheme). The dashed line shows CMP estimates;

error bars show our bootstrapped 95 percent confidence intervals around these estimates.
[FIGURE 2.4 about here]

Error bands around CMP estimates are large in this case. Most estimated “‘changes” over
time in CDU-CSU environmental policy could well be noise. Statistically speaking, we con-
clude that the CDU-CSU was more pro-environmental in the early 1990s than it was either in
the early 1980s or the early 2000s; every other observed “movement” on this policy dimension
can easily be attributed to noise in the textual data.

[TABLE 2.1 about here]

Table 2. 1] reports the result of extending this anecdotal discussion in a much more com-
prehensive way. It deals with observed “changes” of party positions on the CMP’s widely-used
left-right scale (rile) and thus systematically summarises all of the information about policy
movements that is used anecdotally, in the early chapters of MPP and MPP2, to justify the face
validity of the CMP data. The table reports, considering all situations in the CMP data in which
the same party has an estimated position for two adjacent elections, the proportion of cases in
which the estimated policy “change” between one election to the next is statistically significant.
These results should be of considerable interest to all third-party researchers who use the CMP
data to generate a time series of party positions. They show that observed policy “changes”
are statistically significant in only 38 percent of relevant cases. We do not of course conclude
from this that CMP estimates are invalid. We do conclude that many policy “changes” hitherto
used to justify the content validity of CMP estimates are not statistically significant, and may
be noise. More generally, we argue that, if valid statistical (and hence logical) inferences are
to be drawn from “changes” over time in party policy positions estimated from CMP data, it
is essential that these inferences are based on valid measures of uncertainty in CMP estimates,
which have not until now been available.

[FIGURE [2.5]about here]
While one of the CMP’s biggest attractions is undoubtedly the time series data it appears

to offer, another common CMP application involves comparing different parties at the same
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point in time. Considering a static spatial model of party competition, realised by estimating
positions of actual political parties at some time point, many model implications depend on
differences in policy positions of different parties. It is crucial, therefore, when estimating a
cross-section of party policy positions, to know whether estimated positions of different parties
do indeed differ from each other in a statistical sense. Figure[2.5]illustrates this problem, show-
ing estimates of French party positions in 2002, on the CMP left-right scale. Taking account
of the uncertainty of these estimates, four quite different parties—the Communists, Socialists,
Greens and the Union for a Popular Movement (UMP)—have statistically indistinguishable es-
timated positions, even though the CMP point estimates seem to indicate differences. Only the
far-right National Front had an estimated left-right position that clearly distinguishes it from
other parties. On the basis of these estimates we simply cannot say, notwithstanding CMP point
estimates, whether the Greens (Verts) were to the left or the right of the Socialists (PS) in 2002.
The role of uncertainty in cross-sectional comparisons will differ according to context, but the
French case demonstrates—for a major European multi-party democracy—that inferences of
difference from CMP point estimates can be ill-informed without considering measurement

C€ITOor.

2.5.2 Correcting estimates in linear models

When co-variates measured with error are used in linear regression models, the result is bias
and inefficiency when estimating coefficients on error-laden variables (Hausman 2001, 58).
These coefficients are typically expected to suffer from “attenuation bias,” meaning they are
likely to be biased towards zero, underestimating the effect of relevant variables. This con-
clusion must however be qualified, since it depends on the relationship between the “true”
predictor and the noisy proxy available to the researcher, and possibly other variables in the
model. More precisely, the effect of measurement error depends on the estimation model and
the joint distribution of measurement error and the other variables (Carroll, Ruppert, Stefanski
& Crainiceanu 2006, 41). In the case of linear regression the effects of measurement error
can range from simple attenuation bias, to masking of real effects, appearance of effects in

observed data that are not present in the error-free data, and even reversal of signs of estimated
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coefficients compared to the case in the absence of measurement error.

By far, the most common use of policy scales derived from CMP data tends to be as
explanatory variables in linear regression models. Of all the studies using CMP data as co-
variates in linear regression models, however, to our knowledge not a single one has explicitly
taken account of the likelihood of error in CMP estimates, or even used the length of the
underlying manifesto as a crude indication of potential error. As a result, we expect many
reported coefficients in studies using CMP data to be biased.

We address this issue by replicating and correcting two recent high-profile studies using
CMP data: Adams, Clark, Ezrow & Glasgow (2006), and Hix, Noury & Roland (2006). In both
cases we obtained datasets (and replication code) from the authors and replicated the analyses,
correcting for measurement error in CMP-derived variables. We do this using a simple error
correction model known as simulation-extrapolation (SIMEX) that allows generalised linear
models to be estimated with correction for error-prone co-variates whose variances are known
or assumed (Stefanski & Cook 1995, Carroll et al. 2006). While not widely used in political
science, SIMEX has been applied recently by Hopkins & King (2007) as a means to correct
misclassification errors in text analysis. Here, by contrast, we apply the method to correct for
random measurement error in observed co-variates.

The basic idea behind SIMEX is fairly straightforward. If a coefficient is biased by
measurement error, then adding more measurement error should increase the degree of this
bias. By adding successive levels of measurement error in a re-sampling stage, it is possible
to estimate the trend of bias due to measurement error versus the variance of the added mea-
surement error. Once the trend has been established, it then becomes possible to extrapolate
back to the case where measurement error is absent. Following Carroll et al. (2006, 98—100)
the SIMEX algorithm can be succinctly described as a sequence of steps that we illustrate
in Figure [2.6] The example taken is the EU Integration variable from Hix, Noury & Roland
(2006, Model 6) replicated fully below. First, in the simulation step additional random pseudo
errors are generated from normal distribution with mean 0 and variance {,,62 and added to the
original data. Since m is known and chosen to satisfy 0 = {; < {; < ... < {y (we use typi-

cal values {0.0, 0.5, 1.0, 1.5, 2.0}), the simulation step creates m data sets with increasingly
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larger measurement error variances. The total measurement error variance in the m'* data set
is 62+ (,,02 = (1+{,;,)02. In the estimation step the model is fit on each of the generated
error contaminated data sets. The simulation and estimation steps are repeated a large num-
ber of times (500 times in our replication example) and the average is taken for each level of
contamination. These averages are plotted against the values of { (the filled circles in Figure
[2.6), and an extrapolant function is fit to the averaged, error-contaminated estimates. In terms
of {,, an ideal, error-free data set corresponds to (1+,)62 =0, i.e. {, = —lm Extrapolation
to the ideal case ({ = —1) yields the SIMEX estimate (the hollow circle in Figure . The
quadratic extrapolant function is usually preferred, since it has been shown to result in more
conservative corrections for attenuation and is often more numerically stable than the alterna-
tive nonlinear function (also shown in Figure[2.6)) (Carroll et al. 2006, Hardin, Schmiediche &
Carroll 2003, Lederer & Kiichenhoff 2006). (In our replications below, we report corrections
based on the more conservative quadratic extrapolation.)

More complicated error corrections are of course possible, but here we deliberately chose
a method that is simple, applicable to a wide class of generalised linear models, and for which
freely available software is available that can be used with popular statistical packagesm

[FIGURE 2.6/ about here]

Adams, Clark, Ezrow and Glasgow (2006)

Adams et al. (2006) analyse whether political parties in Western Europe adjust their ideological
orientations in response to shifts in voters’ policy preferences. The authors extend the “dynamic
representation” model by empirically analysing whether the type of political party affects the
causes and consequences of their movements on policy. In particular the article is concerned
with whether “niche” parties (typically Communists, Greens or extreme-right) respond differ-

ently to public opinion shifts compared to mainstream parties (e.g. Labour, Socialist, Social

18 More precisely, for the case of simple linear regression By yaive is the naive OLS estimate of By, and
it consistently estimates 3,62 /(62 +62) and is biased for B, when 62 > 0. The least squares estimate of

~

the slope from the m" data set, B, consistently estimates B,62 /{02 + (1 +,)02}. The ideal case of
a data set without measurement error in terms of {,, corresponds to (14 ¢,,)62 = 0, and thus {,, = —1.
See Carroll et al. (2006) for full details.

9For R, the simex package is available from CRAN. Information on SIMEX implementation in
STATA can be found athttp://www.stata.com/merror/.
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Democratic, Liberal, Conservative and Christian Democratic).

The first model analysed in the original article and replicated here deals with whether
mainstream and niche parties differently adjust their policies in response to public opinion
shifts. Party policy shifts are operationalised as changes in a party’s CMP left-right scale
position in successive elections. This measure is regressed on public opinion shifts, a dummy
variable for niche party status, the interaction of these two variables, lagged dependent variable,
lagged vote share change, the interaction of these two terms, and a set of country dummies. The
authors’ expectation is that if the coefficient on Public opinion shift is positive and statistically
significant then mainstream parties are responsive to shifts in public opinion along the lines
of the dynamic representation model. They also expect to find a negative and statistically
significant coefficient on the Niche Party x Public opinion shift variable, providing evidence
that niche parties are less responsive to public opinion shifts than mainstream parties, thereby
supporting the main “policy stability” hypothesis of the article. In our replication of Adams
et al. (2006, Table 1), we focus on the effect of measurement error in both the dependent
variable on the left-hand side, its lagged value on the right-hand side, and an interaction of the
lagged dependent variable and lagged change in vote share. In the classical measurement error
(CME) domain it is known that measurement error in the dependent variable, if uncorrelated
with other co-variates, will only inflate standard error of the regression (Abrevaya & Hausman
2004), while measurement error in independent variables will bias the results|™| We assume
here and in subsequent replications that all other co-variates are measured without error. The
error estimate in contaminated co-variates is derived from our bootstrapped standard errorErI

The second model in Adams et al. (2006) tests whether policy adjustments (shifts in pol-
icy towards the centre of the voter distribution or away from it) affect parties’ electoral support
and whether this relationship differs between mainstream and niche parties. Key explanatory

variables are constructed from the CMP and thus are expected to be error-prone: Centrist policy

20In order to remain within the CME domain we assume that measurement error in first-differences
in the dependent variable is uncorrelated with error in second-differences in its lagged value. The effect
of measurement error in first-difference estimation in panel data models is much higher than in level
models (Arellano 2003, 50), which may somewhat explain low reported Rs.

2!n this and the replications that follow, our error estimates for each error-prone co-variate is the
mean of the in-sample average error variance from the bootstrapping procedure (and specified in the
note to each table).
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shift, Noncentrist policy shift, Niche Party x Centrist policy shift, Niche Party x Noncentrist
policy shift. The first variable is measured as the absolute value of the change in party’s posi-
tion on the CMP left-right scale when a leftist party shifts right or rightist party shifts left, and
zero otherwise. The variable measuring the shift away from the centre is similarly constructed.
The next two variables pick up the differences in electoral effects for niche and mainstream
parties in relation to centrist and non-centrist policy shiftsF_ZI Adams et al. (2006) expect main-
stream parties to gain votes in the centrist policy shift and lose votes in non-centrist shift, thus
leading to the expectation of a positive and statistically significant coefficient on Centrist pol-
icy shift and a negative and statistically significant coefficient on Noncentrist policy shift. The
authors suggest that niche parties are electorally penalised for policy adjustments regardless of
the direction of this adjustment (centrist or non-centrist) in what they call “costly policy shift”
hypothesis. This leads to the expectation of statistically significant and negative coefficients
on both Niche Party x Centrist policy shift and Niche Party x Noncentrist policy shift. At the
same time another hypothesis put forward by Adams et al. (2006) states that niche parties lose
votes in comparison to mainstream parties for moderating their policy stance (“‘costly policy
moderation” hypothesis). In turn this results in the expectation of negative and statistically
significant coefficient only on the Niche Party x Centrist policy shift variable.
[FIGURE [2.7| about here]

Figure presents results of our error correction for both models, taken from the two
regression tables of Adams et al. (2006)@ For each model, we compare our replication of the
published results with SIMEX estimatestI The most profound effect of SIMEX correction of

Model 1 is the expected inflation of the standard error of the regression and drop in explained

22Two additional control variables are based on CMP measures: Party policy convergence and Party
policy convergence x Peripheral party. The former is operationalised as the sum of all centrist policy
moves by all parties in the system. The latter is an interaction of Party policy convergence with a
dummy variable for parties taking extreme position on left-right dimension. In addition to these six
error-prone co-variates, Model 2 in Adams et al. (2006) contains dummy variables for niche parties,
governing parties, coalition governments, previous change in vote share, as well as several economic
control variables: changes in unemployment and GDP rates and their interaction with governing party
dummy.

23 For both replication studies, we present results in graphical form, following the suggestions (and
using code from) Kastellec & Leoni (2007). Thus Figure@]is presented in tabular form in Table@

24Qur replications compare our corrected estimates to replicated rather than published estimates, since
replicated and published results differ slightly due to slight errors in data preparation in each published
analysis.
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variance as the consequence of measurement error in the dependent variable. The effect of
error-correction in the co-variates decreases the key explanatory variables in size but not to such
an extent that their statistical significance is affected. The full extent of SIMEX error correction
effects can be gleaned from changes in coefficients and standard errors presented in Figure
and Table It is, however, obvious that weakness in the explanatory power of Model 1 calls
for caution in suggesting that results “consistently support the Policy Stability Hypothesis”
(525). There is indeed some support that niche parties’ policy programs are less responsive to
shifts in public opinion compared to mainstream parties (the grey row in Model 1). Evidence
for this claim, however, is drawn from a somewhat weaker set of corrected estimates.

In the original article, the negative and statistically significant coefficient on Niche Party
x Centrist policy shift (Model 2) is meant to support the “costly policy moderation” hypothesis
that, in comparison to mainstream parties, niche parties are penalised by voters for moderating
their policy positions. Results in the original article substantively mean that a one unit shift
closer to the centre of the voter distribution along the 1-10 Left-Right scale, results, ceteris
paribus, in niche parties’ electoral loss of nearly 4% (i.e. approximately —5.67 + 1.45, see
p523). This conclusion is cast into doubt as the result of the SIMEX correction, which causes
the coefficient on Niche Party x Centrist policy shift to become smaller in size and statistically
insignificant at the conventional 0.05 level. In turn, this forces the rethinking of some of the
theoretical implications of the article. The conclusion that for niche parties “both vote-seeking
and policy-seeking objectives motivate a stand-pat strategy” (525, emphasis in original), since
moderation in policy positions is penalised by voters is not supported by empirical evidence
based on the error-corrected estimates.

Moreover, Adams et al. (2006, 525) claim that their empirical results support the “cost-
less spatial mobility” assumption typically used in spatial modeling — i.e., that political parties
are not electorally penalised for shifting positions in policy space — with respect to mainstream
parties. In fact, as Figure[2.7|and Table [2.2| show, the corrected coefficient for Noncentrist pol-
icy shift almost doubles as the result of the SIMEX correction. Indeed, if a one-tailed hypothe-
sis test were applied to the coefficients for both Noncentrist policy shift and for Niche Party x

Centrist policy shift, both would be considered statistically significant. In terms of the conclu-
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sions of the original article, the error-corrected results challenge its categorical conclusion that
mainstream parties are not penalised for shifting policies away from the centre—suggesting
that this effect occurs with at least as much confidence as the conclusion that niche parties are

punished for shifting their policies to the centre.

Hix, Noury, and Roland (2006)

Hix, Noury & Roland (2006) are concerned with the content and character of political dimen-
sions in the European Parliament (EP). Following an inductive scaling of roll-call votes in the
EP from 1979 and 2001, Hix, Noury & Roland (2006) set out to validate their interpretation of
the derived policy dimensions by regressing the mean position of each national party’s delega-
tion of MEPs on two sets of independent variables. The first set includes exogenous measures
of national party positions on the left-right, social and economic left-right, and pro-/anti-EU
dimensions. The second set relates to government-opposition dynamics and consists of cate-
gorical variables describing whether a national party was in government and whether the party
had a European Commissioner, as well as dummy variables for each European party group,
each EU member state, and each (session of) European Parliament. Measures of national party
positions are taken directly from the CMP dataset or constructed from it. National party posi-
tions on the EU are taken as the difference between positive (category PER108) and negative
mentions (category PER110) mentions of the EU. Party positions on economic and social pol-
icy are also constructed from the CMP categories (see Laver & Garry 2000, 628-629). The
authors expect that national party ideal point estimates on the first dimension will be explained
by the exogenous left-right policy positions, while exogenous policy positions on EU Integra-
tion dimension explain national party ideal point estimates on the second dimension. (501)
The expectation then is roughly that the first dimension is predominantly about left-right and
second dimension is about Europe.
[FIGURE [2.§] about here]
Figure[2.§|contrasts coefficients from our replications of the models using CMP variables

in Hix, Noury & Roland (2006) with error-corrected measurements based on our bootstrapped
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Variances We present here replications of the two models that are related to the structure of
the first dimension in the European Parliament. Model 2 aims to explain the mean positioning
of political parties on the first derived EP dimension in terms of: their positions on the general
left-right, and European Integration dimensions; categorical variables relating to whether a
party was in government and had a European Commissioner; and dummy variables for each
session of the EP. Model 3 substitutes general left-right with a combination of economic left-
right, and social left-right. Model 6 extends Model 3 also to include dummy variables for each
European party group. Model 9 extends Model 6 including country dummy variables.

It is clear from Figure [2.8|that the SIMEX error correction has the most important effect
on the “EU Integration” variable. The SIMEX estimate of EU Integration is about double the
size of the naive estimate in Models 2 and 3 presented, and becomes statistically significant
in the corrected estimates of Models 6 and 9. Substantively, the effect of noise in the CMP
measure of EU policy is that, if we set out to explain the position of a party’s MEP delegation,
the national party’s position on the EU is shown to be more important than its position on
the substantive economic and social left-right dimensions, rather than unimportant as Hix et.
al. conclude. SIMEX correction of the key EU Integration variable thus forces a rethinking
of some of the substantive conclusions of this article. In the words of Hix, Noury & Roland

(2006) interpreting their results from the naive model:

EU policies of national parties and national party participation in government are
only significant without the European party group dummies. This means that once
one controls for European party group positions these variables are not relevant
explanatory factors on the first dimension. (502)

In a direct challenge to this conclusion, results from the error-corrected model suggest
that EU policies of national parties appear not to be relevant only because of attenuation bias
caused by noise from the textually derived CMP measures of positioning on EU policy. Once
this error is corrected for, the primary dimension of EP voting is shown to be influenced even

more by EU policy than by general left-right positions.

23 Core results are also presented in tabular form in Table
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2.6 Categorising Human Misclassification

In Figure 2.1 we have described the full process generating the CMP dataset; here our focus is
on the coding category scheme and the way that human coders assign these categories to each
text unit. That is, we concentrate here on the stochastic coding process, C, by estimating the

extent of variation between coders in applying the same coding scheme / to the same text T.

2.6.1 The CMP Coding Scheme and Sources of Disagreement

CMP estimates of the policy position of a particular party on a particular matter at a particu-
lar election are generated by using a trained human coder to allocate every “text unit” in the
party’s manifesto into one, and only one, of 57 policy coding categories (one of which is “un-
coded”)ﬁ] The first CMP coding category, for example, is “101: Foreign special relationships:
positive”. Having counted text units allocated to each category, the CMP then uses its theo-
retical “saliency” model of party competition to inform a measurement model that defines the
relative salience for the party of the policy area defined by each category as the percentage of all
text units allocated to that category. The variable PER101 in the CMP dataset, therefore, is the
percentage of all text units in a party manifesto allocated by the coder to “101: Foreign special
relationships: positive”. Fortunately for third-party users of the CMP data, it is not necessary to
buy into CMP’s distinctive “saliency’” model of party competition before using the data. This
is because the CMP coding scheme does not in fact comprise pure saliency categories. All but
one of the 56 substantive categories (the exception is “408: Economic goals”) are positional, in
the sense that category definitions explicitly refer to a position on the policy issue concerned,
not just a mention of this issue. Thus we have both “406: Protectionism positive” and “407:
Protectionism negative” when a pure saliency coding scheme would imply just “protection-
ism: positive, neural or negative”. It is, precisely, the positional nature of such policy codings

that led to the widespread use of the CMP dataset by scholars seeking time-series estimates of

261n the extended coding scheme developed in MPP2 to allow subcategories to be applied to mani-
festos from Central and Eastern European countries plus Mexico, an additional 54 subcategories were
developed, designed to be aggregated into one of the standard 56 categories used in all countries. For the
purposes of computing indices such as rile, however, the subcategories were not aggregated or used in
any way. For these reasons and the general wish to keep the focus as simple as possible in this paper,
our analysis here is restricted to the original 56 + uncoded standard CMP categories.
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party policy positions, as opposed to time series estimates of the salience attached by parties to
particular policy issues.

In what follows, we leave for future work the potential for coding bias, which arises
because human coders are inevitably aware of the authorship of the texts they are coding, a
problem especially acute for highly self-referential documents such as party manifestos. We
deal above with non-systematic measurement error in CMP data that arises from stochastic
features of the text generation process. Here, we focus on error arising in CMP data from
stochastic features of the text coding process We refer to this coding error in general terms

as misclassification.

2.6.2 Coding differences from human ‘“features”

CMP data are fundamentally susceptible to coding error because, in their essence, they derive
from subjective judgements made by human coders. These days, indeed, human coding is
preferred to machine coding in settings where it is explicitly felt that subjective coding by
human experts is more valid than objective coding by machines. Coding error arises because
different human coders at the same time, or the same human coder at different times, are likely
to code the same text in somewhat different ways. This process may be unbiased, in the sense
that we can think of an unobservable “true and certain” value of the quantity being measured,
with each human text coding being a noisy realisation of this. Assuming unbiased coding, we
can take the mean of the noisy realisations as an estimate of the unobservable latent quantity,
and the variation in these observations as a measure of the uncertainty of this estimateFE]

The CMP data, however, are generated by party manifestos coded once, and once only,
by a single human coder. There is no variation in noisy realisations of the unobservable under-

lying quantity and thus no estimate can be formed of the uncertainty of CMP estimates arising

2’Note that another known source of random variation in the coding process is the difference in the
unitisation of texts by CMP coders into “quasi-sentences,” the basic text unit for the CMP scheme.
Based on reports in Volkens (2001a, 38) preliminary analysis indicates that unitisation variance in the
CMP manifesto is typically on the order of +/-10% of the total quasi-sentence units in a text, and doesn’t
seem to have any substantive influence.

28We do not deal here with a deep and interesting possibility that has largely been ignored, that the
latent quantity being measured has an uncertain value—in this context that party policy on some issue
is vague. In this case, it may be that variation in realisations of this latent quantity arises not just from
measurement noise, but from fundamental uncertainty in the quantity being measured.
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from coding errors. In a nutshell, we have no way of knowing whether subsequent codings of
the same manifesto would be exactly the same as, or completely different from, the recorded
coding that goes into the CMP dataset. We are very confident, however, on the basis of both
anecdotal evidence and good old fashioned common sense that, if there were to be a series
of independent codings of the same manifesto, then these would all differ at least somewhat
from each other. Indeed, if someone reported that 1,000 highly trained coders had each coded
10,000 manifesto text units using the CMP’s 57 category scheme, and that every single coder
had coded every single text unit in precisely the same way, then our overwhelming suspicion

would be that the data had been faked.

2.6.3 Coding differences from category ambiguities

Just as our hypothetical French experts and chimpanzees might tear out their (body) hair trying
to assign the given categories to text units that do not neatly fit, CMP coders often report
difficulties determining precisely which of the 56-plus-uncoded categories to assign to text
units. Hence an important source of coder error are the ambiguities and overlap that exist in
the way that some of the categories are defined. Consider the distinction between the following

categories:

“401: Free enterprise: Favourable mentions of free enterprise capitalism; superi-
ority of individual enterprise over state control systems...”

“402: Incentives: Need for wage and tax policies to induce enterprise...”

There is of course a difference between these category definitions but it is easy to imag-
ine text for which the coder’s decision as to which category is most appropriate would be a
knife-edge judgement, one that would be made in different ways by different coders. In con-
trast “501: Environmental protection” is essentially the only CMP coding category making ex-
plicit reference to the environment, so there is nowhere else in the scheme to allocate text units
referring to the environment (a decision that, incidentally, renders any anti-environmentalist
statements uncodable by the CMP). Any text coding scheme must be viewed as a whole, tak-
ing into account overlaps and the sharpness of boundaries between categories as well as the

definitions of each category on a stand-alone basis. However, we do expect some CMP coding
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categories to be more “reliable” (different coders tend to code the same text unit into the cat-
egory in question) than others (different coders do not all use the category in question for the
same text unit.) As we shall see, this is very much what we find in our coding experiments.

In practice the full 56-category coding scheme is never deployed on any one manifesto
and the norm is for far fewer than the full set of categories are used in the coding of a typical
manifesto. Figure [2.9] characterises the distribution of categories used across the entire set of
3,018-manifestos coded by the CMP. The typical manifesto coding uses only 25 categories,
less than half of those available. Coding category usage ranges from startlingly mono-themed
manifestos such as the 1951 Australian National Party manifesto which consisted of 42 text
units all assigned to a single category (“703: Farmers Positive”), to a maximum of 51 different
categories used to code the 365 quasi-sentences found in the 1950 British Conservative Party
manifesto.

[FIGURE 2.9 ABOUT HERE]

Figure [2.10| shows the relative frequency, in log percentages, of text units allocated to
different coding categories, from all text units coded in the consolidated CMP dataset (ex-
cluding CEE countries and Mexico that use the extended subcategories). The horizontal bars
indicating frequency are grouped into three categories: those that are designated as “right” or
“left” in the additive left-right index most commonly used by CMP consumers (called rile by
the CMP), or “neither” meaning the category is not used in building the left-right index. To
facilitate comparison among low-frequency categories, the percentage frequencies have been
transformed using base-10 logarithms, which also serves to highlight differences in the cate-
gories used overall less than 1% of the time, shown to the left of the origin.

[FIGURE 2.10ABOUT HERE]

2.6.4 From categories to scales

One response to overlapping or vague boundaries between text coding categories is to combine
these, to produce a more reliable aggregate category. In addition, what amounts to the 56-
dimensional policy space measured by the CMP manifesto codings is cumbersome to use as

an operationalisation of specific models of party competition. Furthermore, as a matter of
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practical fact, most third-party users of CMP policy time series data are looking for something
much simpler; nearly all of them, indeed, are looking for party positions on a simple left-right
scale. In terms of Figure this would be a representation of a scaling model S producing a
set of scales A.

In response to these interlocking demands, the CMP is best known for its left-right rile
scale, A, which the CMP itself calls its “crowning achievement” (Budge et al. 2001, 19). The
scaling model, S, behind rile is a simple additive index based on aggregating 13 coding cate-
gories seen as being on the “left”, 13 seen as being on the “right”, and subtracting the percent-
age of aggregated left categories from those of the right. The theoretical range of this scale is
thus [-100, 100], although in practice nearly all rile scores span the scale’s middle range of [-
50, 50]. In practical terms, therefore, two different types of classification are classification into
the three aggregate categories of left, right, or neither. The rile scale is thought to be more
reliable than any single coding category, since it is likely that most of the stochastic variation in
text coding will result from different coders allocating the same text unit to different categories
on the “left” or the “right”. From the perspective of the left-right scale that most third-party
users are interested in, such coding “errors” are thought to be in effect self—cancelling@ In our

tests below, we critically examine this claim.

2This problem, which the CMP has termed “coding seepage” (Klingemann et al. 2006, 112), is
thought to mainly take place in between categories within the same aggregate categories. Analysis
of coding decisions conducted by the CMP team suggests several categories prone to systematic mis-
classification. Thus coding categories that have been identified as “seeping” codes (in brackets): Per101
(Per104), Per302 (Per303 and Per305), Per504 (Per503), Per601 (Per606), Per603 (Per605 and Per606),
Per607 (Per705 and Per706); Per102 (Per103), Per105 (Per106 and Per107), Per505 (Per303), Per507
(Per303), Per702 (Per704), Per412 (Per403 and Per413), Per409 (Per404). (Klingemann et al. 2006, Ta-
ble 6.1:114) Earlier investigation also identified per408 (per410) and per402 (per703) (Volkens 2001a,
38). The majority of “seepage”-prone categories belong to the same aggregate scales, however, prompt-
ing the CMP to recommend their “own preferred strategy” of using the aggregate scores to limit the ef-
fect of single category misclassifications. Because the components of the rile index “combine closely
related categories, the coding errors created by ambiguity between these are eliminated. The overall
measures are thus more stable and reliable than any one of their components” (Klingemann et al. 2006,
115). Other, lesser-used combined scale categories are “planeco,” “markeco,” and “welfare,” represent-
ing the orientation towards a planned economy (403+404+412), a market economy (401+414), and the
state provision for welfare (503+504) respectively.
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2.6.5 Strategies to maximise reliability

Previous work investigating the reliability of the CMP scales has focused on different and quite
distinct aspects of the issue. The CMP’s approach to the coding reliability issue is to focus on
procedures of coding used in data production (Klingemann et al. 2006, 107). Possible problems
of coding error that we discuss below are approached by “setting and enforcing central stan-
dards on coders” by getting the coders to conform to a particular English-language standard and
also by constant communication and interaction with the supervisor in Berlin (Volkens 20015,
94). The focus thereby is on coder “training” (see Volkens 2001a, 37-40). Specifically the
CMP has done this by setting out to train all CMP coders to code the same two manifestos in
the same way as a CMP “gold standard” coding that is taken to reflect a “certain truth” about
the policy positions expressed in those manifestos.

The CMP has invested great effort into improving the quality of its manifesto coding.
Based on the first evaluation of test results, a new version of coding instructions was produced
(Volkens 2007, IIS)EGI The revised instructions draw particular attention to three specific am-
biguities in the CMP coding scheme affecting coding reliability: when no category seems
to apply to the quasi-sentence, when more than one category seems to apply, and when the
statement in the quasi-sentence is unclear (Klingemann et al. 2006, 170). Several solutions to
these problems are offered in the coding manual. When no category seems to apply the quasi-
sentence may be marked as uncodable, with categories used seldom being the most difficult to
code (Klingemann et al. 2006, 170). When more than one category seems to apply the manual
offers eight decision rules ranging from re-reading the categories description, identifying con-
necting sentences, creating subcategories, checking section headings as cues to more explicit
rules that specific categories should be chosen ahead of more general categories (e.g. per305
“political authority” and per408 “general economic goals”). When the statement seems unclear
the coder is advised to seek cues from the context and/or contact the supervisor in Berlin.

Other investigations of reliability have specifically targeted possible error in the the ag-

30Hearl (2001) investigated possible coding differences following the structural change that happened
in 1983 with the transition to the CMP from the original MRG set up. He finds no evidence of method-
ological error across that “fault line” with comparable analyses producing the same results in the sub-
sample before 1983 and dataset as a whole.
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gregated indexes, namely rile. McDonald & Mendes (2001a) and Klingemann et al. (2006,
Chapter 5) focus on the issue of measurement error in the rile scale as an approach to assess-
ing reliability. Exploiting the panel structure of the data set and using the Heise (1969) mea-
surement model, the authors claim to be able to sift out measurement error from real change.
From the results, and making some pretty strong theoretical assumptions and assumptions
about the latent reliability structure, they conclude that rile is effectively very close to be-
ing perfect (Klingemann et al. 2006, 103). Such tests focus on very different issues from those
of stability and reproducibility faced here, however, where our primary concern is whether
coders can reliably implement the CMP coding instructions without serious misclassification

€ITors.

2.7 A Framework for Stochastic Misclassification of Text

Categories

Misclassification is a central concern in many fields, particularly in medicine where “coding
errors” can mean the difference between avoiding an unnecessary, costly, and invasive proce-
dure and dying from cancer. In this view, each unit (or “subject”) belongs to some objectively
“true” category, although our coders (or “raters”) can only approximate this true category by
assigning it a category according to their best judgement. The difference between the true and
assigned category is misclassification, and this misclassification, to the extent that its realisa-
tion differs between coders, will reduce reliability of the coding procedure. Note that while we
take the position that there is indeed a “true” category to which each sentence belongs—even
if no human coders can agree on precisely what this is—reliability as we have defined above
it depends only on coder agreement, not on coder adherence to some perfect (and possibly
unknowable) standard. Because the entire foundation of the CMP approach is that each text
unit can be assigned to either a given category or declared “uncoded,” however, this implies the
existence of a “true” coding, and all evidence so far uncovered points to coders making stochas-
tic misclassifications roughly around these true categories. Without getting into the ultimately

metaphysical questions about what proportion of gold to pure brass exists in the CMP’s notion
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of a gold standard, therefore, we take the existence of such a standard as given and proceed on
that basis.

Our discussion here follows the framework of Kuha & Skinner (1997) and Bross (1954).
In formal terms, let the true categories of each text unit i be represented by A;, whose values
are well-defined and fixed, but classified with error as A}. Misclassification occurs through a
stochastic process

Pr(A] = jl|Ai=k) =0 (2.6)

where j k= 1,...,m for m possible (nominal) classification categories. The key to this process
is the parameter 0, which may be viewed as the proportion of population units in the true
category k that would be represented by coders as category j. These parameters 6, form
a misclassification matrix ® of dimensions m X m whose elements are all non-negative and

whose columns sum to one.

611 612 [3 1—o
- (2.7)

021 62 1-B  «

If our coding scheme were binary, as in the Sarkozy example, then the resulting 2 x 2-
dimension ® can be decomposed into two characteristics commonly known in the medical
literature (see e.g. King & Lu 2008, Rogan & Gladen 1978) as sensitivity and specificity. Sen-
sitivity is represented by o, and refers to Pr(A] = k|A; = k), or in the Sarkozy example, the
probability that a sentence coded as “left” is really “left”, or is coded as “right” when really
“right”. In the language of hypothesis testing, (1 — ) will be familiar as the probability of a
Type I error, the probability of rejecting a null hypothesis when it is really true. Specificity, on
the other hand—represented by f—refers to Pr(A; # k|A; = k), the probability that a sentence is
classified as “right” when it is really “left” or vice-versa. In the language of hypothesis testing,
specificity refers to the risk of committing Type II error, or failing to reject a null hypothesis
when the alternative hypothesis in fact true.

If a coding scheme could be applied to text units perfectly, then ® would consist of
an m x m identity matrix. To the extent that there are off-diagonals in ®, however, random

misclassification will reduce reliability, and when these off-diagonals are non-symmetric, the
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result will be systematic misclassification or bias. We can estimate this degree of bias by
examining the effect of misclassification on our estimates of manifesto categories. Following
Kuha & Skinner (1997), for a text, let N}f1 be the number of text units for which A; = j, and let
PJA = N;‘ /N, where N = ¥ N4 is the total number of text units. Our objective is to estimate the
vector P4 = (Pf‘, ...,PA) of proportions of each category of manifesto code from the coding
scheme, for our given text—in other words, the CMP’s “per” variables.

With misclassification, P will be generally estimated by some vector p** = (pf, ..., p4)’

where pA* = Y I(A = j) and I(-) denotes the indicator function. It follows from (2.6)) that
m
E[I(A] = j)] =) 0ul(A; =k) (2.8)
k=1

so that the vector of “true” counts p” in each coding category is related to what we expect to
observe by

E(p**) = op* (2.9)

The bias from misclassification will then be expressible as
Bias(p**) = (@ —I)P* (2.10)

where I is the m x m identity matrix. Our task in assessing misclassification and the unreliability
of the coding procedure that follows, therefore, is to obtain estimates of the misclassification
matrix ®. To the extent that this misclassification matrix differs from identity, categories are
likely to be misclassified, yielding unreliable and potentially biased estimates of the content of

the texts being coded.

2.8 An Experiment to Assess Coder Agreement

2.8.1 Methods and Data

Our method for evaluating misclassification and reliability in the CMP coding procedure was

to perform a simple experiment: to see how much agreement could be obtained by multiple

91



coders applying the CMP scheme to the same texts. Our experiment employed two texts,
both taken from the “Manifesto Coding Instructions” provided in Appendix II to Klingemann
et al. (2006). Apart from detailed instructions for coders, Appendix II also contains two fully
coded sample texts designed to serve as examples. Using these two texts held several key
advantages. First, each text had already been “officially” parsed into quasi-sentences by the
CMP, meaning that we could take the unitisation step as given, and focus in the experiment
only on the assignment of codes to each quasi-sentence. Second, because each text was also
officially coded by the CMP, the CMP codings serve as a “gold standard” for comparing to
tester codings. Finally, since these two texts had been chosen for their clarity and codeability
to be instructional examples, they also made good texts for comparing tester agreement in our
experiments.

The first sample text is an extract from the UK The Liberal/SDP Alliance 1983 mani-
festo. The text consists of 107 text units coded by the CMP into 19 categories. The second
sample text is an extract from New Zealand National Party 1972 manifesto, containing 72 text
units coded by the CMP into 11 categories. The National Party manifesto text contains only
one unique code not present in The Liberal/SDP Alliance manifesto text. Overall, therefore,
our reliability experiment could effectively estimate coder bias and misclassification in rela-
tion only to 20 out of 57 available categories, although these categories were among the most
common of those found in most manifestos (see Figure 2.10).

Our test was set up on a dedicated web page containing digitised versions of sample
texts, already divided into quasi-sentences. Each page also contained detailed instructions
adapted directly from from “Manifesto Coding Instructions” in Appendix II to Klingemann
et al. (2006). Coders were asked to select for each text unit an appropriate category from
a scroll-down menu. We also collected some minimal information on coder identifiers and
previous experience in coding manifestos. Only completed manifestos could be submitted into
the system. Going for a mix of experience and youth we sent out invitations to participate in our

experiment to the majority of trained CMP codersErl and a selection of usual suspects: staff and

31 Andrea Volkens has kindly provided us with a list of names of 84 CMP coders of which 60% were
matched with email addresses. We also used publicly available e-mail addresses of coders trained by
the CMP for a separate Euromanifestos Project. (See Wiist, A. and A. Volkens, Euromanifesto Coding
Instructions, MZES.)
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postgraduates at several European and North American universities. We ended up with a list of
172 names with active emails who were randomly assigned to one of the two test documents.
Our response set consisted of 39 coders, but some of these results were discarded. To
be as fair as possible to the CMP, we discarded the bottom fourth of test coders in terms of
their reliability, while dropping none from the top. Overall, the New Zealand manifesto was
completed by 12 coders and the UK manifesto by 17. The coders whose results are reported
here had a mixture of prior experience with coding manifestos using the CMP scheme, without
any discernible pattern of more experienced coders being near the top, in terms of agreement

with the gold standard.

2.8.2 Methods of Assessing Agreement

Previous analysis of inter-coder variation, coder bias, and misclassification can only be char-
acterised as limited. The extent to which coder training was successful was measured on the
aggregate level in relation to only one test manifesto. Reliability was calculated for each trainee
as a correlation between the percentage of quasi-sentences coded into each category and the
CMP “gold standard”. Depending on which test we are talking about, these correlations range
from 0.70 to 0.80. For 23 coders that were trained from the the second version of coding man-
ual, their average correlation with the “gold standard” was reported to be 0.83. Of these coders
fourteen were new hires taking the test for the first time. Their average correlation with the
master copy is 0.82. Nine coders on the second contract took the test again with results for this
group going up from 0.70 in the first round to 0.85 in the second round (Volkens 2007, 118).
Klingemann et al.