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ABSTRACT

Ten countries joined the European Union in 2004. This offered a rare oppor-
tunity for the existing party groups to substantively increase their share of
the seats in the European Parliament by recruiting national party delegations
from the new member states. As most of new member states have a relative
short history of competitive multiparty system, there were weaker ties between
parties in new and old member states when compared to previous rounds of
enlargement. Since the allocation of office spoils in the EP is fairly propor-
tional amongst party groups ,(Mamadouh and Raunio, 2003) it was assumed
that national parties from the new member states – less ideologically com-
mitted to any of the belief systems held by the traditional Western European
party families– would shift the allocation of some offices in the EP by opting
to join certain party group who controlled a larger share of office spoils. In this
paper we provide a novel approach to evaluate whether the party group choice
of the national parties from the new member states may have been affected
by such considerations. By employing a Support Vector Machine, a common
classification tool from computational linguistics, we evaluate to what extent
it is possible to correctly predict the party group affiliation of participants in
European Parliament debates on the basis of the content of their speeches.
Our results show that the differences in belief systems between party groups
as expressed by Members of the European Parliament (MEPs) plenary session
speeches in the 5th (1999-2004) European Parliament are helpful in predicting
the party group affiliation of MEPs from older member states in the 6th Eu-
ropean Parliament. However, these difference are not helpful when trying to
predict the party group affiliation of MEPs from the new member states. This
suggests that the national parties of these new member states opted to join
the more established party groups for other reasons than similarity in belief
systems.

∗We would like to thank Indraneel Sircar for assistance in collecting the speech data and Bei Wu
for help with the initial analysis of the data. All errors remain our own. Bjorn Hoyland would like to
acknowledge the generous financial support provided by his department.



Legislatures aim to produce two essential tasks in democratic societies; legislate and

provide a forum for the debate over policy alternatives. While the literature on the

European Parliament (EP) suggests that it is a powerful legislature, most scholars agree

that EP plenary sessions do not provide a forum for European public debates (Eriksen and

Fossum, 2000). This can be explained by several factors. First, Members of the European

Parliament (MEPs) are allowed to speak in any of the official languages of the Union. The

speech is immediately translated and communicated to the rest of the chamber and to the

audience with headphones. This small translation delay means that there is little room

for spontaneity, unlike in other legislatures like the British Westminster Parliament or the

U.S. Congress. Second, voting does not normally occur on the same day as the debate.

And third, the debates are usually poorly attended. This probably explains why there is

very little media attention focusing on the debate of the EU Parliament. There is little

reason to expect that party groups exercise strong control over the content of individual

speeches in the debates of the plenary as it is neither likely to change the outcome of the

vote nor to be reported widely in the press. The debates do however relate directly to

the policy issues facing the legislators. Furthermore, speeches allow for far more nuances

than voting decisions. These debate could thus provide available source of information

about politics in the European Parliament.

Text is becoming an increasingly common source of data in political science. There has

been several innovate projects proposing new methods for extracting actors ideal points

on the basis of the text (Laver and Garry, 2000; Laver, Benoit and Garry, 2003; Monroe

and Maeda, 2004; Slapin and Proksch, 2008). Our project is less ambitious, we are simply

interested in correctly classifying the ideological party group affiliation of members in

the European Parliament. Instead of developing custom software for the classification of

political science text (Hopkins and King, 2007), we borrow an existing classification tool

from computational linguistics, Support Vector Machine (Baayen, 2008).

In this paper, we utilize debates to evaluate to what extent national parties from the

new member states joined party groups with whom they share similar belief systems,

as expressed through choice of words in plenary debates. We use a common classifica-

tion algorithm, Support Vector Machine, to predict party group affiliation of EP plenary

1



speakers in the first three years of the 6th European Parliament (July 2004 - July 2007) on

the basis of the party group affiliations of the legislators in all plenary debates in the 5th

European Parliament. Our criteria is straightforward: if the Support Vector Machine does

a better job at correctly classifying MEPs from the old member states than MEPs from

the new member states, then we have support for the claim that ideological principles

were not the key factors behind the Eastern European parties’ affiliation choices.

The paper is structured as follows. The first section reviews the literature on the role

of ideology in the European Parliament. We show that ideology has been measured with

a multitude of methods, like voting behavior, MEPs surveys, expert opinion studies, and

recently, also plenary debates. The second section surveys the development of computa-

tional methods to analyze political texts. The third section presents the data and the

practical details for preparing the analysis. The results are presented in the final section.

The key finding is that the Support Vector Machine help us to correctly predict the party

group affiliation of speakers in the 6th European Parliament. In particular, it does a

significantly better job at predicting the party group affiliation of MEPs from Western

Europe than MEPs from Eastern Europe. This is even the case when MEPs present in

the 5th Parliament were excluded from the analysis. Our findings suggest that the parties

from the new member states were all but guided by ideology or similarity in belief system

with parties from the old member states in their choice of party group affiliation.

IDEOLOGY IN THE EUROPEAN PARLIAMENT

The role of ideology inside the European Parliament is a hotly debated topic. Although

the European Parliament has organized itself into transnational political party groups

ever since the birth of the institutions, scholars have questioned the extent to which the

European Parliament offers a forum for European wide debate (Eriksen and Fossum,

2002). Practitioners have also called for a politicization of the activities of the European

Parliament in order to highlight the ideological, rather than the technical, dimension of

EU legislation (Clegg and van Hulten, 2003). Until recently, quantitative EP scholars have

not used the debates as a source for obtaining information about the ideology of MEPs.

Instead, information about their ideology have been obtained in a more indirect manner.
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Hix (2002) uses self-placement on left-right and pro/anti integration scales as indicators of

ideology. NOMINATE estimates obtained from roll-call votes are also used as a measure

of ”revealed” preferences (for a critique, see Carrubba et al., 2006). The general consensus

seems to be that the left-right ideology continuum is capable of explaining a substantive

proportion of voting behavior on roll call votes in the European Parliament.

A central debate in the literature on legislative behavior in the European Parliament

is to what extent transnational party groups are able to discipline the revealed behavior

of their members. This is complicated by the fact that these transnational party groups

are composed of national party delegations. It is extremely rare that individual members

defect from their national party delegation to vote with their own party group when there

is intra-party conflict (Hix, 2004). In addition, in most roll call votes, we frequently find

that all MEPs of a national party delegation simply vote with their own cross-national

party group.

As a consequence, scholars have found that party groups in the EP are highly cohesive

(Hix, Noury and Roland, 2005). What remains unclear is why newly admitted MEPs chose

to join these more established parties groups in the first place. One potential explanation

is related to rent seeking behavior: since older party groups formally control the office

spoils within the EP, representatives from newly admitted states would join these parties

to gain broader access to parliamentary committees for example. Another explanation

is that national party delegations joined the more established party groups because they

shared a similar ideology. Recent work by Hix and Noury (2006) has shown that voting

behavior in the European Parliament has barely changed after the enlargement of the

union in 2004. Using roll call votes from the first half of the 6th European Parliament,

the authors compared the voting behavior of new member delegations with members from

the 5th Parliament. This study concludes that transnational party lines remains the main

predictor of roll call voting, and that voting along national lines is still a relatively rare

event.

Although it may be surprising to some readers, it appears that party group cohesion in

roll call votes does not suffer from decreased ideological cohesion as measured by exogenous

variables from MEPs surveys and expert opinions (Hix, Noury and Roland, 2007). As
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was indicated earlier, this cohesion did not follow a notable decline after the Eastern

and Southern enlargement in 2004, when ten new countries joined the union. This is

surprising given the fact that most of the new member states do not have particular

stable national party systems unlike their Western European counterparts. Comparisons

of survey responses and roll call votes show less variation within party groups in the

revealed voting behavior than in the survey. This is the case for MEPs from both new

and old member states (Farrell et al., 2006; Gabel and Hix, 2007). This may be due to

the fact that survey questions were fairly general and not specific enough to address the

policy-issues facing the legislators. In addition, the survey questions may be interpreted

differently by people with similar ideological orientation. Moreover, there is no clear

link between the questions asked in the survey and the issues discussed in the European

Parliament. Ideally, it would have been useful to contrast some measure of roll call votes

with another activity undertaken by members of the European Parliament.

To sum up, we can see that the effect of the Eastern enlargement on politics in the

European Union remains a contentious topic amongst EU scholars. Hix and Noury (2006)

have analyzed voting behavior in the first 2 years after the Eastern enlargement. They

find that parties form the new member states tend to vote with the transnational party

group they are affiliation with. To the extent that voting reflects similar ideological world-

views, or belief systems, party group affiliation seems to be a very good proxy. There

are however reasons to be careful before equating voting similarities with similarities in

belief systems. It may be the case that two individuals display similar voting record, not

because they have similar preferences, ideology, or belief system, but because they just

follow the same voting instructions in order to obtain their share of the office spoils.

COMPUTATIONAL ANALYSIS OF POLITICAL TEXTS

Political scientists have traditionally relied on labor intensive coding methodologies to

study political texts, party platforms, government declarations, and campaign speeches

(e.g. Budge et al., 2001; Klingemann et al., 2006). In the European Parliament, official

records of debates are printed on a daily basis in large volume. The sheer size of these

volumes renders any attempt to systematically code the content of legislative speeches

4



highly impractical. However, recent developments in computer science have provided

researchers with a series of tools that can be used to automatically process texts (for a

recent review, see Cousins and McIntosh, 2005).

Computational approaches have been applied mainly in two areas of political science.

First, it has been applied to study issues, topics and legislative agendas. The main focus of

this application is to investigate how policy agendas change over time. Recent work have

applied either fully or partially computerized approaches to process political texts. Some

contributions rely on dictionary-based approaches (Laver and Garry, 2000). Here, topics

are automatically classified using a manually coded dictionary. Other contributions rely on

fully automated approaches (Purpura and Hillard, 2006; Quinn et al., 2006; Schonhardt-

Bailey, 2006). An active application of automated text analysis is in the area of ideal point

estimation. Laver, Benoit and Garry (2003) used a semi-automated approach in their

analysis of party manifestos. First, they used human coding to classify a few parties as

reference point on a left-right ideological scale. They then extracted word frequencies from

their respective party manifestos. Other parties’ ideological positions are then estimated

based on how closely their party manifesto’s word frequency distributions matched the

reference distributions. An alternative approach was developed by Monroe and Maeda

(2004). They use a statistical technique similar to Poole and Rosenthal (1997) in order

to estimate ”rhetorical ideal points”. Their choice space, however, is a matrix of word

counts rather than vote count for each legislator. Unfortunately, as they discuss in their

paper, this new method faces various statistical and computational difficulties. Recently,

Slapin and Proksch (2008) have proposed a multivariate fixed effect Poisson model, labeled

Wordfish as an alternative approach to obtain party positions on the basis of text. Their

approach has several desirable properties. First, Wordfish is capable of producing an ideal

position of each actor on the estimated dimension, without the need for reference texts.

Second, Wordfish also estimate the discrimination parameter of all words (or wordstems).

This allow the researcher to identify the words that are best able to distinguish between

actors. Unfortunately, their approach is computational intensive, in particular if the

researcher would like to obtain the uncertainty associated with the location of actors

and words. Wordfish has been applied to the debates in the plenary session of the 5th
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European Parliament. Using national party delegations as units, their results suggest

that the debates in the European Parliament reflects divisions over European Integration

rather than left-right politics (Proksch and Slapin, forthcoming).

Our approach is somewhat different. Rather than developing our own methodology

for analyzing word count frequencies, we draw on recent development in computational

linguistics. In this field, supervised classification tools are widely used and well developed.

Supervised learning approaches use sets of text to train a classifier and then employ the

trained classifying algorithm to classify a series of untrained text. The success of the

classifying exercise is defined by how well it can classify a new set of documents. The

best known example of supervised learning is perhaps email spam filter to identify junk

mailings.

There are only a few applications of this approach in politics. Examples include stud-

ies by Purpura and Hillard (2006), who use supervised learning techniques to code speech

topics in the U.S. Congress and Thomas, Pang and Lee (2006) who investigate (with

modest success) whether speech classification of floor debate in the House of Representa-

tives on a specific bill can be used as a predictor for subsequent agreement. Thomas et

al. investigate whether we can predict a speaker’s opinion toward a specific bill (support

or opposition) based on his or her speeches. They used 2740 speech segments in 38 bill

debates to train an SVM classifier and then use the classifier to predict the opinions of

860 speech segments in 10 other legislative debates. The plain SVM classifier achieves

66% prediction accuracy. Additional information of same-speaker links and inter-speaker

agreement links helps improve the accuracy to 76%. Diermeier et al. (2006) train a

Support Vector Machine to classify ideology in the US Senate. A detailed technical ex-

planation of the technique can be found therein. In their paper, the authors analyze

legislative speech records in the U.S. Senate from the 101st-108th Congresses. When pre-

dicting the conservative/liberal positions of Senators with previous legislative speech, the

SVM classifier achieved a 94% level of accuracies. The authors conclude that the same

ideological differences associated with roll-call based ideological measures in Congress are

reflected in political speech.

Like Diermeier et al. (2006), we use the Support Vector Machine (SVM) supervised
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learning algorithm to classify MEPs’ party affiliation by the content of their speech. SVM

is a supervised learning method based on the the Structural Risk Minimization principle

from statistical learning theory (Vapnik, 1998, 1999). The data, consisting of documents

of all legislative speech delivered by MEPs, corresponds to vectors in an n-dimensional

space, where each dimension represents a relevant feature in the classification task.

As the European Parliament is a multi-party system, unlike the two-party system of

the US Senate, the classification task at hand is more complex than the classification task

preformed in previous political science applications of the SVM algorithm. For analytical

purposes SVM applications divide the documents into a training set and a test set. In

the training set the group membership is know. The task in the test set is to correctly

predict the group membership of each document. In the email spam example, the training

algorithm aims to correctly predict whether a new email (a new document) belongs to a

spam or a non-spam category. The SVM model assumes that data points in each of the

categories are separable by a hyperplane. SVM also assumes that there exists an “ideal”

primary hyperplane lying at equal distances between two parallel secondary hyperplanes,

each of which is determined by one or more data points in one of the assigned grouping

categories. These data points on the parallel hyperplanes are called Support Vectors.

The distance between the hyperplanes is called the margin. The task of the Support

Vector Machine in the training phase is to find the separating hyperplanes in order to

maximize the value of the margin. Our analysis is more complex because we are not

simply classifying the documents into two categories (e.g. spam – not spam). Our aim

is to classify political speeches by party group affiliation, which contains at least seven

categories.

In the SVM text classification model, documents are represented in a vector space

whose dimensions correspond to the features that are relevant for the classification task.

In the following analysis, the relevant features are words spoken by legislators and the

vector representing each document is determined by the number of occurrences of each of

the words in that specific document. The documents consists of all the legislative speeches

made by a specific legislator in a given European Parliament. We thus construct a m×n

matrix where m the numbers of rows represent each individual MEPs, and n, the number
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of columns represent each individual words spoken in the legislature. The entry on the

ith row and the jth column represents the number of times a specific word occurs in all of

the speeches made by a particular legislator.

It is important to note that the proposed analysis will only make sense if we assume

that speech can be constrained by ideology in the legislature. If we define ideology as a

belief system which gives structure to an individual’s view on various political issues, we

can expect such belief systems to constrain individual positions on certain issues. In other

words, ”constraint may be taken to mean the success we would have in predicting, given

an initial knowledge that an individual holds a special attitude, that he holds certain

further ideas and attitudes” (Converse, 1964, 207). Thus, it is quite possible (though not

guaranteed) that a randomly selected MEP legislator who opposes stricter environmental

legislation also supports more flexible labor laws.

Not surprisingly, it is very difficult to measure ideological orientations and belief sys-

tems since it is not directly observable. In the U.S. Congress literature, the most widely

used measure of ideology remains the vote-based score NOMINATE developed and refined

by (Poole and Rosenthal, 1997). However, as was indicated earlier, we have chosen to

use in this study a very basic measure of ideological belief system. We assume that party

affiliation can serve as a proxy for ideological orientation in a, possible multidimensional,

policy space. Carrubba et al. (2006) argue that selection bias in roll call votes may dis-

guise some of the dimensions of conflict as some policy areas have relative very few roll call

votes compared to the relative presence on the agenda in EP plenary sessions. Reliance

on NOMINATE scores as a proxy of individual ideology may hence be problematic if the

debates in the European Parliament is divided primarily along other lines that are not

observed in roll call votes, as was shown to be the case in the 5th EP (Proksch and Slapin,

forthcoming).

This explains why we focus on party affiliation. If there is indeed a high level of

vocabulary cohesion among party group members from different states (who speak a

different language), we can assume like Diermeier et al. (2006) that speakers are talking

about the same issues on the legislative floor. However, if we find that there is a very

low classification success rate among members of the same party, we can reject the idea
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that legislators are making speeches about the same issues. Finding agreement evidence

between different legislative speeches can be a powerful aid in an automated classification

task (Thomas, Pang and Lee, 2006). We expect to find evidence of a high level of similarity

between two speakers who share the same party group affiliation if both speakers share

the same belief system (e.g. they will debate on the same issues, and utilize the same

vocabulary).

DATA

We downloaded all the MEPs speeches of the 5th and first half of the 6th EP from the

website http://www.europarl.europa.eu. We then converted the original html files to

pure text by removing the html tags, headers, tables, lists, and non-acsii characters. We

also segmented the speech files into individual legislator speeches. An individual file is all

the words spoken by a particular MEP during the whole parliamentary term. We used

party-group and country affiliation from the MEP biographic data as identifiers of party

affiliation (Hoyland, Sircar and Hix, 2009). A training document is an MEPs complete

set of speeches in the 5th EP, and a test document is one’s complete set of speeches in the

first half of the 6th EP. We exclude words that are used by less than 5% of the MEPs. The

preparation of the data was done in R (R Development Core Team, 2008) with the tm

package (Feinerer, Hornik and Meyer, 2008). We stemmed the terms, using the standard

Porter stemmer.1 We weight the stems by the inverse of the stems in the documents. We

also excluded stop-words and words used by fewer than 5% of all MEPs. This gives us

4440 word-stems. We have training-sets for 702 MEPs from 5th EP, and test documents

for 752 MEPs in the first three years of the 6th EP. In the 6th Parliament, there are test

documents from 567 MEPs from the old member states and 185 test documents from the

new member states. Of the members from the old member states, 300 of the MEPs are

incumbents and 267 freshmen.

We use the ksvm function in the kernlab library (Karatzoglou et al., 2004) in R (R

Development Core Team, 2008) for the classification tasks. As the classification task is

1Stemming is a process to remove the suffix of a word, for example “stemming” can be stemmed into
“stem”.
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multi-category, we used the Weston and Watkins native multi-class classifier with a linear

kernel function, as is common in text classification tasks where the information in the

data-matrix is sparse. The minpair coupler was used to adjudicate between alternative

groups (Wu, Lin and Weng, 2004).We set the cost parameter C = .00005. We do this in

order not to over-fit the Support Vector Machine to the training-data. Adjustments in

the cost parameter have small effects on the classification results. Such adjustments do

not change the substantive results.

Members of the European Parliament represent national parties. These national par-

ties form party groups with like-minded national parties from other member states. Most

party groups have only one party from each country, but some exceptions exists (Corbett,

Jacobs and Shackleton, 2000). The largest party group is the European Peoples Party and

European Democrats (EPP-ED). National parties affiliated with this party tend to hold a

Christian democratic or Conservatives ideology or belief system. The second largest party

group is the Party of European Socialists, (PES). The national parties in this party group

tend to share a social democratic ideology or belief system. The third party group is the

liberal. During the 5th Parliament it was named the European Liberal and Democratic

Reformist party. Later it re-branded itself as the Alliance of Liberal and Democrats for

Europe (ALDE) at the start of the 6th Parliament. As the name suggest it consists of

national parties that promote a liberal ideology or belief system. The Green / European

Free Alliance (Green) party group consists of national parties whose key common denom-

inator is a concern over the environment. The European United Left / Nordic Green Left

(Left) consists of national parties with a socialist, new leftist, or communist belief system

or ideology. Union of Europe of the Nations (UEN) caters for national parties that share

a belief system or ideology that emphasizes the role of the national state. It is commonly

placed to the right of EPP-ED on the political spectrum. There is also an independent

democrats group and some independent members (ID). These are normally skeptical of

the project of European integration, but members may hold political beliefs of both left

and right standings. We use all the speeches deliver by members of these groups during

the 5th Parliament to train our classifier. The training error is .013. There are 652 relevant

support vectors. We then use these to predict the party affiliation of the plenary speakers
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during the first three years of the 6th Parliament. The results are reported in the next

section.

RESULTS

This section evaluates the performance of the Support Vector Machine in correctly pre-

dicting the party group of plenary speakers in the 6th European Parliament. Table 1

presents the overall results. Table 2 present the results for speakers from the old member

states only. Table 3 shows the results for speakers from the new member states. Table 4

shows the predictions from freshman MEPs from the old member states. Finally, table

5 tabulates the predicted party group affiliation of incumbents against their actual party

group affiliation.

Support Vector Machine Predictions of Party Group Affiliation
all MEPS

TRUE
ALDE Green Left ID EPP-ED PES UEN precision

ALDE 10 0 0 1 8 2 0 .48
Green 3 19 5 0 1 3 0 .61

Left 1 4 25 1 4 2 1 .66
ID 3 1 0 30 3 3 2 .71

EPP-ED 41 10 6 20 184 70 24 .52
PES 35 8 8 8 62 121 11 .48
UEN 1 0 0 1 7 2 1 .08

overall 94 42 44 61 269 203 39 752
recall .11 .45 .57 .49 .68 .60 .03

F-score .17 .52 .61 .58 .59 .53 .04
χ2 ≈ 38.893 df= 1 p ≈ .00 .52

Table 1: Cross-table of predicted versus true party group affiliations of plenary speakers
as predicted by the Support Vector Machine. Training-data = European Parliament 1999
- 2004 (all MEPs). Test-data = European Parliament 2004 - 2007, (all MEPs).

Table 1 tabulates the predicted party group membership of the speakers against their

actual membership. If the model fitted the data perfectly, all observations should be on

the diagonal from upper left to lower right. Large deviations indicate poor fit. Overall, the

Support Vector Machine correctly predicts the party group affiliation of .52 of all speakers

of all speakers. Without any prior information except the proportion of the groups, the

best we could do would be to guess that any randomly selected speaker belonged to the
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largest party group. This majority rule of always guessing the largest party group would

be right 269
752

≈ .36. The χ2 test rejects the hypothesis of equality in the proportion

of correct predictions between the Support Vector Machine and the majority vote rule,

χ2 ≈ 38.893, p ≈ .00. The performance of Support Vector Machines is often evaluated

in terms of precision and recall. Precision is the percentage of proposed members of a

group who is actually in that group. Recall is the percentage of actual members of the

group correctly identified as members of that group. Ideally, we would like a high level of

both prediction and recall. A common measure of this is the F-score, the harmonic mean

of recall and precision. The harmonic mean give higher value to numbers that are close

together than numbers that are far apart. Both precision and recall are reported in the

table. The discussion in the text focus mainly on the F-score.

The F-score is above .50 for all party groups except the liberal ALDR and the rightist

UEN. The Support Vector Machine makes many mistakes on recall of members of ALDR.

The large majority of ALDR members are misplaced amongst the EPP-ED or as PES.

Similar mistakes occur in terms of precision, the Support Vector Machine places several

members of EPP-ED as members of ALDR. This is not surprising. The ALDR is ideolog-

ically located between these two party groups on the standard left-right dimension. The

ALDR alternates between forming coalitions between the PES and EPP-ED in roll-call

votes (Hix and Noury, 2006). The Support Vector Machine preforms best when it classifies

MEPs the Left. The F-score is .61. It mis-classify several GUE/NGL members as Greens.

Similarly, several Green MEPs are mis-classified as members of the Left. Again, this is

not surprising. These two party groups have a common ideological stand on many issues.

Their voting record is also very similar (Hix, Noury and Roland, 2007). The ability of

the Support Vector Machine to recall members of the EPP-ED is .68. This is very good.

However, the precision is not as impressive, only .52 of its members are actually classified

in that group.

The Support Vector Machine places too many MEPs in the EPP-ED category. Nev-

ertheless, the F-score is still .59. The algorithm is doing considerably better than simply

guessing EPP-ED membership when we focus on all members of the European Parlia-

ment. Such a guess would of course reflect a perfect recall. But the precision would be
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below .39 mark. In this scenario, the F-score would be .56. Our analysis of Support Vector

Machine is actually able to recall .60 of all MEPs from the PES. The precision is however

only .48. Many PES members are classified as members of EPP-ED and vise-versa.

We have now demonstrated that the Support Vector Machine obtains acceptable clas-

sification results on the data from EP plenary debates. In the next subsection, we investi-

gate whether there is any difference in the performance of the algorithm when we classify

MEPs from old and new member states.

MEPs from old Member States

We begin by repeating the classification exercise for MEPs from the old member states

only.

Support Vector Machine Predictions of Party Group Affiliation
old Member States

TRUE
ALDE Green Left ID EPP-ED PES UEN precision

ALDE 7 0 0 1 5 2 0 .47
Green 2 18 5 0 1 2 0 .64

Left 0 4 24 1 1 1 0 .77
ID 3 1 0 27 2 3 2 .71

EPP-ED 32 10 3 7 139 54 7 .55
PES 27 8 5 4 44 102 5 .52
UEN 1 0 0 1 5 0 1 .12

overall 72 41 37 41 197 164 15 567
recall .10 .44 .65 .66 .71 .62 .07

F-score .16 .52 .71 .68 .62 .57 .09
χ2 ≈ 51.225 df= 1 p ≈ .00 .56

Table 2: Cross-table of predicted versus true party group affiliations of plenary speakers
as predicted by the Support Vector Machine. Training-data = European Parliament 1999
- 2004. Test-data = European Parliament 2004 - 2007, (only MEPs from old member
states).

Table 2 tabulates the predicted party group membership of the speakers against their

actual membership form MEPs of the old member states. The model predict the correct

party group of .56 of all MEPs from the old member states. Naively guessing the largest

party group for all observations would results in 197
567

≈ .35 correctly predicted. The χ2

test rejects the hypothesis of equality in the proportion of correct predictions between the
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Support Vector Machine and the majority vote rule,χ2 ≈ 51.225, p ≈ .00.

Again, we find that the F-score is above .5 for all party groups except the liberal ALDE

and the rightist UEN. When compared to the previous classification task, the F-scores

actually improve for all party groups.

Note that it reaches an impressive F-score of .71 for the left-wing GUE/NGL. Inde-

pendents are also very well predicted. For this group, the F-score is .68. In addition,

the F-score for the largest party group, EPP-ED is .62. The recall measure is also very

good, .71. In other words, the Support Vector Machine is able to correctly classify more

than 7 out of every 10 EPP-ED member. It does, however, slightly over-predict EPP-ED

membership. Here, the precision is only .55. Most of the precision mistakes are made

for members of the PES and ALDE. The F-score for the Support Vector Machine for the

EPP-ED compares favorably to the strategy of always guessing EPP-ED, which would

obtain an F-score of .52.

A similar picture emerges for PES. The F-score is .57., the recall measure is .62, and

the precision measure is .52. In the next subsection, we report the classification results

for MEPs from the new member states only.

MEPs from new Member States

Table 3 presents the results obtained when using the model to predict party group mem-

bership of MEPs from the new member states. As the table show, the fit is poor.

Naively guessing the largest party group would result in a proportion correctly predicted

of 72
185

≈ .39. The test statistic, χ2 ≈ 0, p ≈ 1, confirms that we cannot reject the hy-

pothesis that the Support Vector Machine and majority vote are equally (ill-) suited for

predicting party group membership amongst members from the new member states. The

strategy of guessing that all MEPs from the new member states belong to the EPP-ED

would result in an F-score of .56. This is better than the F-score of .51 obtained by the

Support Vector Machine. This suggest that members from states who joined the EU in the

6th Parliament do not share the same type of vocabulary as the one expressed by members

of their party group in the 5th Parliament. Based on this finding, it would appear that

the choice of new MEPs to join party groups is not necessarily motivated by a similarity
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Support Vector Machine Predictions of Party Group Affiliation
new Member States

TRUE
ALDE Green Left ID EPP-ED PES UEN precision

ALDE 3 0 0 0 3 0 0 .50
Green 1 1 0 0 0 1 0 .33

Left 1 0 1 0 3 1 1 .14
ID 0 0 0 3 1 0 0 .75

EPP-ED 9 0 3 13 45 16 17 .44
PES 8 0 3 4 18 19 6 .33
UEN 0 0 0 0 2 2 0 .00

overall 22 1 7 20 72 39 24 185
recall .14 1 .14 .15 .62 .49 .00

F-score .21 .50 .14 .25 .51 .39 .00
χ2 ≈ 0 df= 1 p≈ 1 .39

Table 3: Cross-table of predicted versus true party group affiliations of plenary speakers
as predicted by the Support Vector Machine. Training-data = European Parliament 1999
- 2004. Test-data = European Parliament 2004 - 2007, (only MEPs from new member
states).

in their belief systems. If this where the case, we would find a greater complementarity in

the content of speeches of both new and old members from the same party group. There

may be several reasons which can explain this result. First, as we just indicated, it may

be that MEPs from the new member states do not share the same belief system as the

MEPs from the party group they choose to join. It may also be that the parties from the

new member states choose to join a certain party on the basis of office spoils, rather than

similarity in belief systems. It may be the case that although these MEPs share the same

broad belief system held by the other MEPs in their party group, they may have not yet

become familiar with the standard (Western European) ways of expressing these views

(hence the poor classification). It may finally be the case that these similarities are lost in

the process of translating the speech from their national language to English. However,

Proksch and Slapin (forthcoming) obtain very similar results when running Wordfish on

the German, French and English corpus of debates in the 5th Parliament.
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Freshmen and incumbents from old Member states

One should however bear in mind that it is quite possible that the model is better at pre-

dicting the group membership amongst MEPs from the old member states because some

MEPs appear both in the training and the test data, as they were (speaking) members in

both the 5th and 6th Parliaments. The increased prediction rate may thus be explained by

the fact that the Support Vector Machine is recognizing individual members from both

sets of data. In order to ensure that our results are not driven by this ”incumbency

effect”, we also predicted the party group membership of freshmen originating from old

member states only. By freshmen, we mean members who joined the EP after the 2004

elections. These results are presented in table 4. We also contrast theses results with the

results obtained when the Support Vector Machine predicts party group affiliation in the

6th Parliament amongst members appearing in both the training and the test data.

Support Vector Machine Predictions of Party Group Affiliation
old Member States (freshmen)

TRUE
ALDE Green Left ID EPP-ED PES UEN precision

ALDE 1 0 0 0 3 1 0 .20
Green 1 8 3 0 1 0 0 .62

Left 0 1 15 1 0 1 0 .83
ID 2 0 0 13 1 1 2 .68

EPP-ED 24 6 2 5 48 25 3 .42
PES 18 6 4 4 18 42 1 .45
UEN 1 0 0 1 3 0 1 .17

overall 47 21 24 24 74 70 7 267
recall .02 .38 .62 .54 .65 .60 .14

F-score .04 .47 .71 .60 .51 .52 .15
χ2 ≈ 22.367 df= 1 p ≈ .00 .48

Table 4: Cross-table of predicted versus true party group affiliations of plenary speakers
as predicted by the Support Vector Machine. Training-data = European Parliament 2004
- 2007 (only freshmen from old member states). Test-data = European Parliament 1999
- 2004.

Table 4 tabulates the predicted party group membership of the speakers against their

actual membership for freshmen originating from the old member states. Majority voting

obtains a benchmark classification rate of 74
267

≈ .28. The support vector machine obtians

a classification rate of .48. The improvement is significant, χ2 ≈ 22.367, p ≈ .00. The
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strategy of always guessing the biggest party group results in an F-score of .44. The

Support Vector Machine obtains an F-score of .51 for the EPP-ED. This clearly shows

that the difference in model performance on speeches delivered by MEPs from old versus

new member states is not driven by incumbents appearing in both the training and the

test data.

Support Vector Machine Predictions of Party Group Affiliation
old Member States (incumbents)

TRUE
ALDE Green Left ID EPP-ED PES UEN precision

ALDE 6 0 0 1 2 1 0 .60
Green 1 10 2 0 0 2 0 .67

Left 0 3 9 0 1 0 0 .69
ID 1 1 0 14 1 2 0 .74

EPP-ED 8 4 1 2 91 29 4 .65
PES 9 2 1 0 26 60 4 .59
UEN 0 0 0 0 2 0 0 .00

overall 25 20 13 17 123 94 8 300
recall .24 .50 .69 .82 .74 .64 .00

F-score .34 .57 .69 .78 .69 .61 .00
χ2 ≈ 29.095 df= 1 p ≈ .00 .63

Table 5: Cross-table of predicted versus true party group affiliations of plenary speakers
as predicted by the Support Vector Machine. Training-data = European Parliament 2004
- 2007 (only incumbents from old member states). Test-data = European Parliament
1999 - 2004.

For completeness, table 5 presents the results for incumbent MEPs only. The correctly

predicted party group membership is high, .63, the χ2 test does allow us to reject the null

hypothesis that majority vote perform equally well on this data, χ2 ≈ 29.095 p ≈ .00.

Always predicting EPP-ED gives a classification rate of 123
300

≈ .41. The F-score is .58.

This compares to .69. The Support Vector Machine in this context is clearly more efficient

at classifying MEPs, as we would expect.

CONCLUSION

In this paper, we used Support Vector Machine, a common technique for semi-automatic

classification of text in computational linguistics, to investigate whether it is possible

to correctly predict party group affiliation of MEPs in the 6th European Parliament by
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analyzing their speeches. This was done by training a SVM classifier on the legislative

speeches made in the 5th European Parliament to predict the party affiliation of elected

representatives in the next parliament. The results show that while MEPs from the old

member states express a belief system which is quite similar to that of their fellow party

group members in the previous parliament, we found that MEPs from new member states

displayed very little consistency in their legislative speech with former elected MEPs.

This finding leads us to conclude that national party delegations from new member states

joined the existing party groups for other reasons than simple shared ideological beliefs

and goals.
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