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Abstract

Whenever researchers need to test theories and hypotheses using longitudinal data

of political parties’ ideological and policy placement, they have little choice. Re-

searchers are often constrained to use the Manifesto Project data, despite the exten-

sive evidence that has challenged its reliability and validity. In this paper we show

that it is possible to construct a unique and rich time-series of policy placements

by combining expert and mass survey data, and addressing the problem of miss-

ing values through the Amelia II multiple imputation algorithm. Using data from

Germany, the Netherlands, and Greece, we estimate the positions of parties on the

left-right dimension and on a two-dimensional (socio-economic and socio-cultural)

space, and show how the estimates outperform the Manifesto Project estimates in

terms of their face validity.

1 Introduction

Scholars interested in longitudinal data on political parties’ ideological decisions face a

significant problem early on in their studies: the lack of substantive data sets. While
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comparable cross-national party positions are available in a plenitude of forms, the same

cannot be said for longitudinal party positions. In most cases, researchers have little

choice but to turn to the data generated by the Manifesto Project, despite the substantive

evidence that has challenged the reliability and validity of the project (Gemenis 2013a).

This is rather unfortunate, since using data with poor measurement qualities, is likely to

lead to erroneous inferences with regard to the theories and hypotheses political scientists

and other social scientists put to test. Put simply, our empirical findings about many of

these theories and hypotheses may well be wrong because of the poor quality of available

data, as has been repeatedly demonstrated for theories of voting (Lewis and King 1999,

pp. 26-31), government coalition formation (Strøm, Müller, and Bergman 2003, pp. 8-9),

party competition (Benoit, Laver, and Mikhaylov 2009, pp. 507-510), and citizens’ policy

representation (Golder and Stramski 2010, pp. 98-99) just to name a few.

In addition, having only a single, and imperfect, longitudinal source of party positions

makes it difficult to cross-validate new methods for longitudinal party placement such as

those arising from automated text analyses (e.g. Laver, Benoit, and Garry 2003; Slapin

and Proksch 2008). As a result, the proponents of estimating policy positions by means

of automated text analysis have long abandoned the use of the Manifesto Project data as

a gold standard (Benoit and Laver 2007a) in favour of expert survey estimates. However,

with the exception of the Chapel Hill Expert Survey trend file that goes back to 1999

(Bakker et al. 2015), expert surveys have been conducted in a rather haphazard manner.

With this paper we aim to challenge the counter-productive monopoly of the Manifesto

Project by combining all the available expert and mass survey estimates of parties’ policy

positions into a single dataset and work out through the missing data problem by means

of multiple imputation. We do so we use the Amelia package for R (Honaker, King,

and Blackwell 2011) which allows us to flexibly impute the data and insert different time

effects. To build the data-set we will draw on Eurobarometer, CSES and CHES data, as

well as several other comparative projects and country specific surveys.

The paper will run as follows. First, we will turn briefly to the methodological prob-

lems relating to validity and reliability that have been raised with the Manifesto Project,

and discuss the advantages and disadvantages of employing expert and mass survey data

to measure parties’ policy positions. Subsequently, we explain the logic of multiple im-

putation and introduce the Amelia package. We then turn to our cases and use Amelia
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to generate data-sets for the Netherlands, Germany, and Greece and discuss the results

in comparison to the respective estimates given by the Manifesto Project.

2 Estimating parties’ policy positions

Without a doubt, the longest established and most popular approach to estimate parties’

policy positions has involved the hand-coding of party manifestos. The most important

data generation project associated with the method is the Manifesto Project which has

been running uninterrupted since 1979.1 The Manifesto Project approach to estimation

involves the selection of a document that is considered to function as a manifesto for a

particular election, and the coding of each and every ‘quasi-sentence’ of the document

into a set of predefined categories. The resulting data are then scaled to ideological

dimensions of interest, with the most famous being the general left-right dimension (‘rile’

in the Manifesto Project datasets), that has been flagged by the project as its ‘crowning

achievement’ (Budge et al. 2001, p.19).

Even though the project has been quite popular since its inception (as measured in

terms of usage and citations), it has received a substantive amount of criticism during

the past two decades. It has been argued that the selected documents are not always

comparable in terms of their policy coverage (Gemenis 2012; Hansen 2008) which has

implications in terms of the quality of the produced estimates. Moreover, it has been

shown that the hand-coding process used by the Manifesto Project is notoriously unre-

liable (Mikhaylov, Laver, and Benoit 2012), while most of the documents in its datasets

seem to have been coded by coders who performed poorly on the coder reliability training

test (Gemenis 2013b, pp. 9-12).2

The original left-right (‘rile’) scale proposed by the Manifesto Project has been the
1Formerly known as the Manifesto Research Group (MRG, 1979–1989), the Comparative Manifesto

Project (CMP, 1989–2009), and Manifesto Research on Political Representation (MARPOR, 2009–).
2Traditionally, the Manifesto Project has responded to coding reliability criticisms by arguing that

the reliability of the date is generally higher than measured due to the training of coders (e.g. Volkens,

Bara, and Budge 2009), but the data from the coder training test provided by the Project itself presented

in Gemenis (2013b) points otherwise. Moreover, the Project’s own assessment of inter-coder reliability

(Lacewell and Werner 2013) largely confirmed the assessment made by Mikhaylov, Laver, and Benoit

(2012). Consequently, Lacewell and Werner (2013) have tried to downplay the small size of the estimated

reliability coefficients.
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subject of criticism in a number of different published journal articles (e.g. Benoit and

Laver 2007b; Dinas and Gemenis 2010; Gabel and J. D. Huber 2000; Pelizzo 2003) in

terms of flawed assumptions in the construction of the left-right index and/or lack of

validity of the produced estimates. While, most of the critiques have tried to scale

the Manifesto Project data in different ways in order to improve the validity of the

resulting estimates (with some interesting debates among the critics such as those between

Franzmann (2015), D. Jahn (2011), and Detlef Jahn (2014)), it begs the question whether

there is any point in searching for the best scaling model given the fundamentally flawed

and unreliable nature of the input data.

Therefore, researchers have started to turn to other methods of establishing party

positions such as expert surveys or mass surveys in their empirical applications (e.g.

Bäck and Dumont 2007; Golder and Stramski 2010; Vowles and Xezonakis 2016; Warwick

2006). They do so not only for illustrative purposes or hypothesis testing, but also use

mostly expert surveys as a benchmark in many ‘proof-of-concept’ illustration of new

methods (such as Wordscores (Laver, Benoit, and Garry 2003), Wordfish (Slapin and

Proksch 2008), Delphi coding (Gemenis 2014), and crowd-sourcing (Benoit, Conway, et

al. 2016)). Instead of relying on coders, expert studies derive their estimates from experts,

who provide parties’ positions directly on the ideological dimensions of interest, with

the mean mean judgment across the experts as the party position estimate. A similar

procedure is followed for mass surveys, but instead of a select group of experts, large

groups of citizens are asked to provide estimates of parties’ positions directly on ideological

dimensions of interest, with again their mean taken as the party position estimate. Both

approaches are therefore flexible and provide immediately usable information regarding

the parties’ positions.

Nevertheless, expert and mass surveys have problems of their own. Especially for

expert surveys it is hard to establish parties’ positions retrospectively unless we accept

large measurement error due to telescoping effects, whereby experts recall the facts for the

wrong time period (Steenbergen and Marks 2007, p.349). In addition, especially in the

case of new or small parties, experts might disagree on how to place these parties resulting

in unreliable estimates. And while proponents of expert surveys have acknowledged and

tried to explain this disagreement (Steenbergen and Marks 2007), they have not yet

proposed how to reduce it. Similar problems arise with voters who, when having little
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information about politics are known to provide erroneous judgments of party placements

(Tilley and Wlezien 2008). Moreover, cognitive dissonance leads to projection biases,

where citizens do not judge parties objectively but in relation to their own position and

sympathy for them (Merrill, Grofman, and Adams 2001). Experts’ are not resistant to

this threat either as it has been shown that their own ideological preferences introduce

bias to estimates for certain type of parties (Curini 2010). Finally, most expert surveys

suffer from limited data availability being either one-off events or having been around

only since quite recently. The Chapel Hill Expert Survey (CHES) has been ongoing only

since 2002 (Hooghe et al. 2010) and does not retrospectively generate data before that

time, while the Comparative Study of Electoral Systems (CSES) is ongoing since 1996

but only in countries where they have resources to field a national election study.

Here, we try to built on the strengths of expert and mass surveys while at the same

time addressing their shortcomings. By not using retroactive studies, we prevent effects

such as telescoping, while using multiple imputation allows us to generate long time series.

The next section will discuss how this imputation procedure works, after which we will

demonstrate its use in the case of the Netherlands, Germany and Greece.

3 Multiple Imputation

Multiple imputation (MI) is based around the idea that missing values are not imputed

only once, but multiple times. The different imputed values this generates represent the

degree of uncertainty we have regarding what the imputed value should be. When there

is high number of missing values and thus high uncertainty, the difference between the

imputed values is large, while in the opposite case the difference between the values is low

(King et al. 2001). As such, MI improves on other imputation procedures such as mean-

or last value carried forward imputation by not only giving an estimate of the missing

value, but also an estimate of how sure we are of that value (Horton and Kleinman 2007).

In order to run successfully, MI assumes that the data it uses is missing at random

(MAR) (see also Table 1. Despite the wording, this does not mean that the missingness

is random, but rather that the missingness is only related to the observed values and not

to non-observed ones. We can therefore predict the missing values with the information

contained in the observed values. What most would understand as random missingness is
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Acronym Meaning Predication possible with:

MCAR Missing Completely at Random -

MAR Missing at Random Non-missing data

MNAR Missing Not at Random Non-missing and missing data

Adapted from King et al. (2001)

Table 1: The three types of missingness

instead labelled as data that is missing completely at random (MCAR). Here, we cannot

predict missing values by using either the observed or the non-observed data. An example

of MCAR would occur when respondents will throw a die before answering any question

and only respond when it shows 6. Of course, such things rarely happen and the MCAR

assumption therefore rarely applies. The third variant, data that is missing not at random

(MNAR) or is non-ignorable (NI) is the most problematic. Here, the missingness depends

not only on the observed data, but on the missing data as well. We therefore have no

way of knowing why the data is missing and what its eventual value should be.

To determine whether or not the data is MCAR or MAR, one can either use Little’s

test (Little 1988) or create dummy variables for missingness and see whether the miss-

ingness of one variable relates to any of the other variables. However, in most real-life

applications the distinction will mostly be between MAR or MNAR. As there is no direct

test for this, categorising data as one of the two depends on the argumentation of the

researcher. In our case, we deem the assumption of MAR appropriate as the reason the

data is missing is known (there were no expert surveys that year) and is not dependent on

the missing data itself (the reason a party’s position is missing for a year is not because

of the position of the party).

While here we advocate using Amelia for purposes of multiple imputation, we want to

stress that other methods for imputation are also available. Within R, there are packages

as missForest, mice and mi that offer viable alternatives. Each of these packages differs

mainly in the options they offer and the method they choose for implementing (multiple)

imputation. While the main distinction in the methods is still that between single and

multiple imputation, most methods focus upon the latter as it allows for calculation of

error around the imputed value.
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- Paragraph on machine learning - Robustness check with the other MI methods for

CDU/CSU

4 Amelia

The Amelia package for R (Honaker, King, and Blackwell 2011) implements MI using a

bootstrapping-based Expectation-Maximization algorithm (Horton and Kleinman 2007).

As such, the method is able to generate fast and independent imputations even with small

samples and a large number of parameters (King et al. 2001). Apart from assuming MAR,

another assumption Amelia makes is that the complete set of observed and unobserved

data is multivariate normal. When we denote the dataset itself as D (with rows and

columns n× k), then the multivariate normal assumption is:

D ∼ Nk(µ,Σ) (1)

showing that D has a multivariate normal distribution with mean µ and co-variance

matrix Σ. While the multivariate assumption is almost never entirely correct, Honaker

and King (2010) suggest that ample evidence suggests that the model works as well as

more complicated models. For the MAR assumption, if we have M denote the matrix

that indicates whether or not data is missing, this assumption is:

p(M |D) = p(M |Dobs) (2)

This means that the pattern of missingness depends on the observed, and not on the

missing data. To impute the missing values, we need to gain an understanding of what

the complete-data looks like. This complete data has the parameters θ = (µ,Σ). As

the observed data (that is, the data we actually know) is the observed data itself (Dobs)

and our knowledge of the missing values (M), the likelihood of our data is p(Dobs,M |θ).

Using the MAR assumption, this becomes:

p(Dobs,M |θ) = p(M |Dobs)p(Dobs|θ) (3)

As we carry out the inference on the complete data parameters, the likelihood becomes

L(θ|Dobs) ∝ p(Dobs|θ) (4)
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which can be rewritten as

p(Dobs|θ) =

∫
p(D|θ)dDmis (5)

Giving us, with a flat prior on θ, the following posterior:

p(θ|Dobs) ∝ p(Dobs|θ) =

∫
p(D|θ)dDmis (6)

The EMB algorithm (Honaker and King 2010) then bootstraps (B) the data to sim-

ulate the estimation uncertainty and subsequently runs the expectation-maximization

(EM) algorithm to find the mode of the posterior for the bootstrapped data. Then,

Amelia draws values of Dmis from the distribution based on the complete-data parame-

ters, which are conditional on Dobs and the draws of θ. This generates a specific number

of imputed data sets, which can be analyzed separately using similar methods as those

that assume complete-data. The results of these separate analyses can then be combined

using the rules set out by Rubin (1987), or using the Zelig package for R (Choirat et al.

2017; Imai, King, and Lau 2008).

5 Case selection, Sources and Methods

Regarding the number of variables to include in the imputation model, Rubin (1996)

advises to retain as many variables as possible. In that line, Honaker and King (2010)

advise to also include the dependent variables (the Manifesto Project estimates in our

case), as imputation models are predictive, and not causal, models. Nevertheless, as here

our goal is not so much as to prove a relation between the dependent and the independent

variables as it is to build a new data-set, we will not include the dependent variables. In

addition, while the common advice is that 5-10 imputations are adequate (Rubin 1987),

we follow Bodner (2008) and take as many imputations as the percentage of missing data

in the respective data set. We do so because of the high missingness among some of the

variables and because running this number of imputations does not cause major problems

on any modern computer.

We choose three countries with different characteristics to see whether imputation

can generate use-full data-sets: the Netherlands, Germany, and Greece. The Netherlands

has a considerable number of expert surveys over the full period from 1945 onward.
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Germany has data of similar quality, but only from 1984. Greece starts somewhat earlier

in 1980, but has only a few expert surveys of varying quality. In addition, while Germany

experienced a substantial change during the reunification in 1990 and Greece had a new

party system after 1974, the party system in the Netherlands remained relatively stable.

To build the datasets for these countries we draw on expert surveys and mass surveys.

The expert surveys can be either singular, or may have occurred on multiple occasions

such as the Chapel Hill Expert Survey (CHES) (Bakker et al. 2015; Polk et al. 2017),

which has been used in each of the three countries. Also, some expert surveys (e.g. Benoit

and Laver 2006; Castles and Mair 1984; Kitschelt 2011) were available for all countries,

while others (e.g. Gemenis and Nezi 2012; Janda 1980) were only available for a single

country. For the mass surveys we used Eurobarometer data for all three the countries

and data from the Dutch Parliamentary Election Studies (DPES) for the Netherlands,

the German Longitudinal Election Study (GLES) and Politbarometer for Germany, data

collected by EKKE (National Centre for Social Research) in Greece. For a full overview

of the sources utilized for each country we refer to Appendix A.

For each of the countries, we use the expert surveys to create a standardized variable

Expert L-R which has the left-right positions for each party based on the expert surveys

for each of the years that we could find in our data collection, and missing values for

the years in which no surveys could be found. In addition, we created an Expert EC

and Expert SO variable in a similar way to help us better estimate the missing data

for the Expert L-R variable. For similar reasons, we add variables for the left-right and

materialist-post-materialist positions based on Eurobarometer data, and variables for

left-right positions based on national election data.

For each of the three countries we then run Amelia with the different parties set as

the cross-section variable and years as the time-series variable. In addition, we include a

cubic polynomial to the imputation model to account for the effects in time and make this

polynomial vary across the different parties. These steps allow Amelia to distinguish

the different parties over time and separate the different time effects for each of them.

Finally, we set a ridge prior which helps us to deal with the problems caused by the high

missingness in the data, which for each of the three countries can be as high as 80% for

some of the variables. The ridge prior does so by diminishing the co-variances of the

data while keeping the means and variances the same. Following the advice in Honaker,
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King, and Blackwell (2011), we set this ridge prior at 1%. Finally, because of the high

missingsness and following the advice of Bodner (2008) we set the number of imputations

at 80. Once we have run Amelia with these settings we combine the imputations and

calculate the mean for each of the variables which we then plot together with a loess

regression line to observe the variation over time. In addition, we plot the positions given

by ’rile’ using the manifestoR package for R which allows direct integration of Manifesto

Project data into R (Lehmann et al. 2016; Volkens, Lehmann, et al. 2016). We use the

same package to derive the codings that allow us to construct two new measures for

economic and social policy based on the indexes suggested by Benoit and Laver (2007b).

6 Results

Here we show the results for the left-right dimension for each of the three countries.

For each of the graphs with the imputed data, the positions run from 0 (Left) to 1

(Right), while for RILE they run from −50 (Left) to 50 (Right). In the graph with the

imputed data, the dots indicate the mean imputation for that particular party in a specific

year, with a loess regression line based on those points running through them. For the

graph with the ’rile’ data the dots represent the values as given by the Manifesto project

which we simply connected. Finally, note that not all parties that were included in the

imputation model are shown here to prevent the graphs from becoming too cluttered.

Moreover, the different countries have different time spans - the Netherlands ranges from

1945 to 2012, Germany from 1984 to 2013, and Greece from 1974 to 2015. Here we show

only the results for ’rile’ but similar results for the economic and social policy dimensions

can be found in Appendix B.

Figures 1 and 2 show the results for the Netherlands, with 6 parties shown. In the

graph based on the imputed data, the positions of the parties are shown to be stable

over time and to fluctuate only minimally. Each of the parties basically keeps its ordinal

position and does not cross any of the other parties. This in contrast with the graph

based on the ’rile’ data, which fluctuates heavily and were parties cross each other on

multiple occasions. In that respect, the expert positions and the imputed values are less

extreme with only a few of the imputed values located far from the loess line.

Figures 3 and 4 show similar results for Germany, with the CDU/CSU, FDP, B’90/ Die
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Figure 1: Imputed Expert Positions for the Netherlands

Gr unen, SPD, PDS and DIE LINKE shown. As with the Netherlands, a similar pattern

of stability is found in the imputed data which misses in the RILE data. The order of

the parties with the CDU/CSU being the most right-wing and PDS/DIE LINKE being

the most left-wing remains stable over time and also the ordering of the other parties

seems correct. This in contrast to the RILE data in which the SPD and CDU/CSU

sometimes switch position. Please note that the disruption for the most left party in the

graph is caused by the PDS and DIE LINKE being treated as two separate parties in the

imputation model.

Finally, figures 5 and 6 show the results for Greece, with the KKE, ND, PASOK,

Synaspismos and SYRIZA shown. Here, the difference between the two graphs is most

obvious, with the RILE data actively crossing each other, while the imputed data remains

more stable. Notice for example the KKE data generated by ’rile’ which fluctuates heavily

over time and at certain points is even positioned as the most right-wing party, while in

the imputed data it is always the most left-wing party. A similar story goes for the other

parties whose position (right wing for the ND and mid-left to extreme left positions for

all the other parties) can clearly be distinguished in the imputed data, but not in the
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’rile’ data.

7 Discussion

Our aim in this paper was to challenge the Manifesto Project monopoly by providing an

alternative data-set which we built by combining all the available expert and mass survey

estimates of parties’ policy positions into a one dataset and addressing the missing data

problem by means of multiple imputation. Solely based on face validity, we have shown

that such a data-set imputation technique can be successfully used to compute relatively

stable party positions over time. This despite the different sources of the positions and

the often high missingness. Moreover, we found that the procedure worked similarly

well in countries where there is a considerable amount of high quality data such as the

Netherlands and Germany, as for countries in which very few and often questionable data

is available such as Greece. This indicates that similar results should be able to achieve

in other countries, though we may require a broader case selection to validate this point.

We belief the greatest contribution of this work lies in establishing a novel way in
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Figure 3: Imputed Expert Positions for Germany

which methods of automated content analysis might be validated. Right now they have

often been compared to Manifesto Project data - which is often questioned - or have

been proven by face validity alone. We belief that comparing any estimates against

an imputed time-series of expert survey data might prove to be a good alternative. In

addition, the multiple imputation method used here, Amelia, is flexible and allows for

even more features than we have discussed here. For example, the method allows for

the integration of Bayesian priors, splines and lags and leads that could improve the

imputation in certain circumstances. This will allow scholars to be as flexible as need be

and tailor the imputation to the specifics of the country. In the end, this will lead to a

rich data-set that we argue more accurately captures the positions of countries over time

than the values generated by the Manifesto Project data.
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Appendix A - Data Sources

Expert Type Period

Janda (1980) Expert 1950-1962

Morgan (1976) Expert 1976

Castles and Mair (1984) Expert 1982

Laver and Hunt (1992) Expert 1989

J. Huber and Inglehart (1995) Expert 1993

Laver and Mair (1999) Expert 1998

Lubbers (2000) Expert 2000

Benoit and Laver (2006) Expert 2003

Kitschelt (2011) Expert 2009

Gemenis and van Ham (2014) Expert 2012

Chapel Hill Expert Survey (2015; 2017) Expert 1999, 2002, 2006, 2010

Eurobarometer Survey 1973, 1976-1997, 2000, 2008

Dutch Parliamentary Election Survey Survey 1977-2012

Table 2: Overview of the data employed for the Netherlands
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Expert Type Period

Castles and Mair (1984) Expert 1982

Laver and Hunt (1992) Expert 1989

J. Huber and Inglehart (1995) Expert 1993

Hix and Lord (1997) Expert 1996

Ray (1999) and Steenbergen and Marks (2007) Expert 1988, 1992

Lubbers (2000) Expert 2000

Warwick (2006) Expert 2001

Benoit and Laver (2006) Expert 2003

Kitschelt (2011) Expert 2008

Chapel Hill Expert Survey (2015; 2017) Expert 1999, 2002, 2006, 2010

CSES Expert 1998, 2005, 2009, 2013

GLES Survey 1994, 1998, 2002, 2005,

2009, 2013

Politbarometer Survey 1987-2013

Eurobarometer Survey 1987-1997, 1999-2000, 2002

Table 3: Overview of the data employed for Germany
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Expert Type Period

Castles and Mair (1984) Expert 1984

Ray (1999) and Steenbergen and Marks (2007) Expert 1988,1992

Laver and Hunt (1992) Expert 1989

Hix and Lord (1997) Expert 1996

Benoit and Laver (2006) Expert 2003

Kitschelt (2011) Expert 2009

Gemenis and Nezi (2012) Expert 2011

Chapel Hill Expert Survey (2015; 2017) Expert 1999, 2002, 2006, 2010, 2014

Eurobarometer Survey 1980-1994, 1997, 1999-2000,

2002, 2004, 2008

EKKE Survey 1985, 1988, 1989, 1996

Table 4: Overview of the data employed for Greece

Appendix B - Economic and Social Dimensions
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Figure 7: Comparison of imputed expert placements and the CMP Economic dimension
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Figure 8: Comparison of imputed expert placements and the CMP Social dimension
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