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Abstract
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signals a united front. The measure provides monthly scores for parties in nearly
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grounded tool for examining intra-coalition conflict, legislative responsiveness, and
strategic behaviour, expanding the scope of coalition research beyond formation-stage
proxies.
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1 Introduction

Political parties joined together in government are subject to two competing forces. They

are aware that to enjoy incumbency benefits, it is imperative to maintain the coalition com-

promise. Yet simultaneously, once the coalition terminates, planned or otherwise, each party

is accountable to the electorate as a distinct entity. This, in turn, is an incentive to publicly

distinguish oneself during the incumbency instead. Boston and Bullock (2010) identify these

orthogonal incentives as the unity-differentiation dilemma: parties seek ‘how best to balance

the desire for unity or cohesion (and hence effectiveness) with the equally important elec-

toral imperative to maintain party distinctiveness or differentiation’ (p.41). In navigating

this dilemma, parties are restricted in the extent that they can differentiate. Throughout in-

cumbency, coalition parties are strictly bound by collective cabinet responsibility (Fortunato

2021). This responsibility ‘stipulates that the government present a united front on all policy

matters, particularly after the policy has passed the parliament’ (Fortunato 2021, p.93). As

such, the only real opportunity parties have to differentiate without violating this respon-

sibility, is during the legislative review period. Yet even during this time, differentiation

comes with a price. Effective, united coalition governance and differentiation are mutually

exclusive. Choosing to emphasise differences over the coalition compromise is therefore an

inherently obstructive behaviour. As stated by Fortunato (2021), differentiation, at its core,

‘is conflict. It is heated debate in the plenary, pointed questions of ministers in subpoenaed

testimony in committee hearings, and bold amendments in legislative review’ (p. 27). The

extent to which differentiation occurs can, therefore, be interpreted as a widely, and publicly,

observable indication of coalitional conflict throughout incumbency. This enables valuable

insights into the otherwise opaque dynamics of coalition cooperation.

By far the most common practice for capturing how conflictual or differentiated a coali-

tion government is, is to measure the likelihood conflict will occur during incumbency. This

can be influenced by aspects of institutional design which allow ministers to submit legisla-

tive proposals closer to their preferences, rather than the coalition consensus, referred to as

1



ministerial drift(Martin and Vanberg 2011); The number of parties in a coalition, as an indi-

cation of bargaining complexity (Zubek 2015); Or the ideological distances between parties

in their electoral manifestos signifying the extent of compromise required for cooperation

(Carroll and Cox 2012; Dörrenbächer, Mastenbroek and Toshkov 2015; Klüver and Bäck

2019; Klüver and Spoon 2017, 2020; König et al. 2022; Meyer, Sieberer and Schmuck 2023).

These approaches assume that the incentive, and therefore the propensity for differentia-

tion is determined apriori and remains stable throughout the incumbency. Lupia and Strøm

(2010), however, emphasise that coalition party behaviour during incumbency is dynamic.

The utility of different behaviour is continuously assessed. The choice to differentiate and

publicly signal division is no exception. A party’s decision to act on either of the mutually

exclusive incentives of the unity-differentiation dilemma is the result of a careful weigh-off

between the costs and benefits of each option. Whether it makes sense to prioritise boosting

electoral prospect over generating incumbency benefits depends on different variables, many

of which likely to vary over time (such as polling performance (Fortunato 2019)). The pre-

vailing option is therefore not static, or consistent throughout a government’s incumbency

and instead, is likely to vary throughout. This highlights a clear mismatch between popular

measurement and the actual process of coalition differentiation: Static measures solely cap-

ture differentiation at the start of a coalition government, and therefore fail to unveil exactly

what differentiation dynamics are at play during incumbency.

Some studies have set out to dynamically measure the degree of differentiation and conflict

in a coalition. This includes capturing differences between coalition parties in parliamentary

applause (Imre et al. 2022), parliamentary speech (Fortunato 2021; Martin and Vanberg

2008), and tabled amendments (Fortunato 2019, 2021). Yet either limitations in data avail-

ability, or the intensive nature of coding the measures, has restricted these efforts to small

samples of governments. Considering many outcomes of interest related to coalition conflict

are rare, such as terminations or cabinet reshuffles, inferences made on such small samples

do not generalise well.
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This paper presents a novel dynamic measure of coalition differentiation, which is easy

and consistently applicable across large samples of coalition governments. Using supervised

machine classification of parliamentary speeches delivered by members of coalition parties,

I generate monthly differentiation scores for six Western European democracies. The classi-

fication algorithm is first trained to identify the party label of a speech, based on the words

used by members of parliament (MPs) and ministers from each respective coalition party.

The trained model is then used to make out of sample predictions. The resulting perfor-

mance indicator of this exercise signifies how well the algorithm is able to distinguish parties

based on their word use in parliament. If it does so successfully, parties are differentiating

by speaking in a distinct fashion from one another, whereas in instances of poor performance

when classifying speeches, coalition parties are presenting more of a united front. This clas-

sification pipeline generates monthly differentiation scores for all parties in the coalition, for

48 governments from six European countries, over the course of 20 years. This method thus

generates a dynamic coalition differentiation metric for a substantive sample of governments,

and can also easily be extended to any other corpus of party-labelled coalition text data.

Below, I will elaborate on past measures of coalition differentiation and their limitations,

the selection of supervised classification as a suitable similarity measure for this purpose,

and the classification pipeline. In turn, a number of validation tests indicate that this clas-

sification based measure is effectively capturing coalition party-based linguistic differences.

2 Measuring Coalition Differentiation Dynamically

A handful of measures attempt to gauge the extent to which coalition parties behave differ-

ently during incumbency. One of the earliest examples of measuring coalition differentiation

is from Martin and Vanberg (2008). These authors code the length of legislative speeches

from German and Dutch coalition governments, as an indication of differentiation: the longer

one speaks, the more opportunity for differentiation. This naturally is a strong assumption
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to make, and as such, other measures of differentiation consider more explicit party be-

haviour. Fortunato (2019), for instance, considers legislative amendments made by coalition

parties to government bills to be a form of differentiation. To capture this process, he codes

all amendments tabled by coalition parties to alter legislative proposals submitted by their

coalition partners. Imre et al. (2022) consider different legislative behaviour in their measure

of coalition mood. This measure infers the extent to which a coalition is cooperative or com-

petitive, not through amendments, but through the frequency with which coalition parties

applaud each other’s speeches in parliament. Plescia and Kritzinger (2022), in turn, gener-

ate a comparative measure of coalition conflict based on reporting on the state of coalition

governments in both national and international media.

What all these measures have in common, is that they are only produced for relatively

small samples. Coding amendments is very time intensive, and hence Fortunato’s differen-

tiation measure is only available for three European countries. Applause, in turn, is rarely

consistently codified in debate transcripts and as such Imre et al. (2022) are restricted solely

to German and Austrian coalitions. And Plescia and Kritzinger (2022) stress how ’given the

relatively low number of events available for each month in each country, the ICEWS data

set did not allow us to take into consideration the dynamic aspect of intra-coalition conflict’

(Plescia and Kritzinger 2022, p.40).

One avenue to combat these challenges of coding and data limitation is to turn to com-

putational text analysis, which has opened the door to efficient large-scale measurement

of abundant political text data. Sagarzazu and Klüver (2017), for instance, conceptualise

coalition differentiation as occurring through variations in policy attention. Coalition parties

distinguish themselves by addressing distinct topics from their coalition partners. In mea-

suring this, they use a Bayesian hierarchical topic model, developed by Grimmer (2010), to

classify German coalition party press releases into policy areas, and then interpret differences

in policy attention devoted to each of these areas as a strategic coalition differentiation be-

haviour. Another example comes from Fortunato (2021), who uses Slapin and Proksch (2008)
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Wordfish model to generate daily ideological positioning scores from parliamentary speech

for the parties of the 2010-2015 United Kingdom (UK) coalition. The distance between these

generated scores is then interpreted as the degree of differentiation.

Both topic modelling and Wordfish are forms of unsupervised machine classification. This

means these methods are trained to recognise patterns, or groupings, in data without being

given prior instructions about the nature of these groupings. By locating and interpreting

these clusters, one can make inferences about how these are grouped in this space, and what

the distance between these clusters indicates. The one key challenge with unsupervised clas-

sification is best summarised by Goet (2019), when he states that: ‘the scores that these

models produce, identify which speakers tend to use similar words to one another [...].These

estimates may or may not prove to have anything to do with the party, or indeed to have

any stable structure over different debates or sessions’ (p.7). This implies that the clusters

found by an unsupervised classification algorithm do not necessarily correspond with what

the researcher sets out to capture. The possibility of inconsistencies between results from

different applications means careful, case-by-case post-hoc validation to assess the nature of

the clusters is essential. This implies that the application of unsupervised classification to

measure differentiation across time and countries, could result in wildly inconsistent, or at

least incomparable, results, and would be subject to time-intensive validation. It is, there-

fore, unsurprising that both unsupervised classification measurements introduced here are

still restricted to a single country and/or government. Thus, although these computational

methods are able to process vast quantities of data with relative ease, the thorough post-hoc

validation to ensure it is, in fact, differentiation between parties, as opposed to some other

dimension of difference, requires significant time investment.

Existing measures of differentiation thus offer only limited and inconsistent coverage

across time and cases. A measure which dynamically captures differentiation and is generated

for a sizable sample of coalition governments, still remains absent. In the rest of this paper

I will argue that the challenges preventing such robust measurement can be overcome by
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using supervised classification instead.

3 Supervised Classification to Capture Differences

The application of supervised classification algorithms to predict the party label of political

text, most notably parliamentary speech, is an increasingly popular method to measure latent

variables in text (Goet 2019; Høyland et al. 2014; Ishima 2024; Peterson and Spirling 2018;

Wäckerle and Silva 2023; Yu, Kaufmann and Diermeier 2008). In this method, a supervised

learning classifier is trained to assign a text to a political party on the basis of the words used

in the speech. The trained classifier is then applied to an out of sample set of texts to predict

their party label. The resulting performance of this classification exercise can be considered

an indication of distinctiveness: the better a classifier is able to recognise party affiliation

of a speech, the more distinct one party’s speech behaviour is from the other parties in the

sample. Yet, the worse it performs, the more alike speeches are, and thus the more similar

parties speak. This method, therefore, overcomes the challenge to the reliability of results

of unsupervised methods by imposing the dimension of difference: party label. As a result,

‘these estimates are guaranteed to be driven by the “party factor”, regardless of the number

of topics that are addressed, or other sources of variation in word use’ (Goet 2019, p.7), e.g.

the differences supervised classification picks up on, will always be differences based on party

groupings. Such a consistent result allows for interpretation of results across time and cases

with relative ease.

Previous application of this method have predominantly been used to measure ideological

polarisation, in the US congress (Yu, Kaufmann and Diermeier 2008), UK parliament (Goet

2019; Peterson and Spirling 2018), and the European Parliament (Høyland et al. 2014). For

the purpose of this paper, I merge this literature on measuring ideological polarisation with

theories on coalition differentiation. By applying a supervised classification algorithm to a

subset of solely coalition party speeches, one can interpret the performance metric of the
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classifier not as ideological polarisation, but as differentiation. More precisely, interpreting

the fine-grained differences in word use between parties as ideological polarisation, relies

on the assumption that all speakers in parliament are transparent about their ideological

positions in their parliamentary addresses. Yet, theories on coalition differentiation stress

how members of coalition parties are not always at liberty to do so, and instead are required

to publicly defend a coalition consensus instead. From this perspective, one can consider the

differences in speech as the extent distinct party preferences actually shine through. When

a supervised classifier is solely fed speeches by government parties, its resulting performance

is, therefore, more closely related to a strategic decision made to emphasise or understate

differences,than of an overall degree of ideological polarisation.

The differences between parties, which supervised classification algorithms identify, are

those in word use. These can be driven by a number of different factors, such as addressing

different topics (Sagarzazu and Klüver 2017), discussing the same topic with different vo-

cabularies (Goet 2019), or even explicitly choosing to (de)emphasise their party membership

over coalition membership. This measure does not distinguish which source of variation is

driving the results, and instead considers all of the above as meaningful and contributing to

the extent of overall coalition differentiation. 1

A core assumption of this methods is that coalition parties behave as unitary actors in

the legislative arena. Empirical evidence does suggests that access to the parliamentary

floor is regulated by party elites, and thus that there is a central strategy to party speeching

behaviour. Proksch and Slapin (2015), for instance, find that party elites ‘still have a choice

over which backbenchers should engage in monitoring through debate and could employ

loyalist backbenchers for the task’ (p.44). This is also reflected in the findings of Bäck

et al. (2019) who find that speechmaking is restricted to fewer, more high-ranked legislators

as incumbency draws to a close and communication of a consistent party label becomes
1Another driver of differences is the gender composition of parties, with women speaking differently to

men (Wäckerle and Silva 2023), or similarly regional dialects. Since the classifiers are trained on data from a
full cabinet, as described below, I assume these differences remain relatively stable over time within cabinets
and, as a result, should not introduce significant amounts of noise in the measure.
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more important. All of which suggest that the extent a coalition party differentiates in

parliamentary speech, is a strategic decision made by the party as a whole. That being said,

legislative discipline is included as a scope condition in the sample selection to follow, and

the validity of this unitary actor assumption is assessed Appendix C.

4 Method

Unlike traditional supervised classification approaches, the pipeline executing this measure-

ment is not designed to optimise classifier performance. On the contrary, the metric of

interest is grounded in missclassification. The objective is to find consistent error driven by

linguistic similarities, as opposed to achieving the highest accuracy. The pipeline is designed

to do so, and to be easily extended to other parliamentary arenas not included in this sample,

as well as applied to party-labelled coalition corpora from other sources.

4.1 Data and Pre-processing

The measure is generated for a sample of ten countries: Austria, Denmark, Germany, Ireland,

Netherlands, and Sweden. These countries are not only characterised by consistent coalition

governance, but also have a practice of parliamentary party discipline, which is a scope

condition of the sample selection. the speech data from these countries comes predominantly

from ParlSpeech V2 (Rauh and Schwalbach 2020), with the exception of Ireland, for which

the speech data is from the Database of parliamentary speeches in Ireland, 1919-2013 (Herzog

and Mikhaylov 2017). In total, there are 48 coalition governments from the last 20 year

included in the selection. Metadata on coalition membership and duration are taken from

the Party Government in Europe Database (PAGED) (Bergman, Bäck and Hellström 2021).

The speech data is grouped per cabinet, and excludes speeches by the speaker of the

house, those of the opposition, and any speeches of fewer than 40 words. The remaining cor-

pus includes speeches by both legislators and members of the executive. Conflating these two
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types of speakers, and whether that is a violation of the parties as unitary actors assumption

is dissected in Appendix C. The corpus is vectorised using a bag-of-words approach, with

removal of stop words during TF-IDF (Term Frequency-Inverse Document Frequency) vec-

torization using country-specific stopword dictionaries from the Natural Language Toolkit

(NLTK) (Bird, Klein and Loper 2009). TF-IDF vectorising considers how important a word

is to a document relative to the full cabinet corpus. This measure of importance increases

proportionally to the number of times a word appears in the document but is offset by the

frequency of the word in the entire corpus, helping to downweight common words and high-

light more distinctive terms. This process improves the representation of meaningful for the

subsequent classification. Though simple, this bag-of-words method of text vectorisation is

efficient, allows for the investigation of specific words influencing classification, and moreover,

performs equally when compared to more advanced techniques like document embeddings

as displayed in Appendix A.

One thing to note is the challenge of vocabulary size influencing classifier performance, as

noted by Peterson and Spirling (2018) and Gentzkow, Shapiro and Taddy (2019). specifically,

the size of the vocabulary of unique words found within the text for a classification (in this

case one cabinet), can influence the subsequent performance metric of choice. This would

add noise to the final measure, and obscure the signal of coalition-differentiating behavior.

This would make it difficult to capture meaningful variation across cabinets. To account

for this, I generate fixed vocabularies of unique words appearing in all the (cleaned) speech

data used per country, as per Peterson and Spirling (2018). Using these vocabularies to

subsequently generate the TF-IDF matrices for individual cabinets of the same country

means every classification feature space has the same number of columns, enabling cross-

cabinet comparison. Differences in vocabulary size and structural factors between countries

remain, yet this can be mitigated by including country fixed effects in multi-country models.

9



4.2 Classification

4.2.1 Classifier Selection

I employ three distinct classifiers for the supervised classification task, each chosen for their

suitability for both binary and multi-class settings, as well as their compatibility with the

sparse feature matrices typical of text data. Crucially, each classifier represents a different

optimization strategy for parameter estimation, which allows for a triangulation of results

across fundamentally distinct modeling paradigms. This makes it possible to assess whether

consistent errors are being captured across methods, reducing the risk that results are driven

by model-specific characteristics.

The first classifier is Logistic Regression, implemented with a SAGA solver. Logistic

regression is a linear model particularly well-suited to high-dimensional, sparse input data.

The SAGA solver is efficient for large-scale problems and handles multinomial classification

directly. In this application, I apply L2 regularization to prevent overfitting and to the

inevitable correlated features of text data. Importantly, this model produces probabilistic

outputs, which I employ to calculate the subsequent performance metrics.

The second classifier is a Linear Support Vector Classifier (LinearSVC), which is a margin-

based model that optimizes a hinge-loss function. LinearSVCs often perform well on text

classification tasks due to their robustness in high-dimensional feature spaces. Because they

do not inherently output predicted probabilities, which are required for subsequent score

calculation, I calibrate this classifier using CalibratedClassifierCV, which fits logistic models

to the decision scores in a second stage. This produces comparable probabilistic outputs,

while offering a learning dynamic distinct from logistic regression.

The third classifier is a Stochastic Gradient Descent (SGD) classifier with a logistic loss,

meaning it optimizes the same objective function as logistic regression with L2 regularization.

The distinction lies in the optimization strategy: rather than solving the problem in batch

form, as with the SAGA solver, the SGD classifier updates model weights incrementally using
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individual or small batches of training examples. All three classifiers are executed using the

Python module Scikit Learn (Pedregosa et al. 2011).

Taken together, these three classifiers were selected to capture a broad spectrum of super-

vised learning strategies: probabilistic linear models, stochastic gradient–based optimization,

and margin-based classifiers. Additionally, all three produce predicted probabilities, which

I employ to generate the final metric. Applying all three allows for a robust test of model

independence. The results in Appendix B, indeed, corroborate that there is no specific

model dependency, as the results of all three classifiers converge. This indicates that they

capture the same latent variable, which I interpret as coalition differentiation. The final

predicted probabilities are averaged across all three classifiers to reduce model-specific noise

and emphasize only those errors that are consistently detected.

4.2.2 Classification Pipeline

To obtain performance metric scores for each month of incumbency, I employ a cross-

validation technique. More precisely, for each cabinet the data is randomly split into ten

stratified samples, thus including speeches by all parties in the coalition. Each of the clas-

sifiers mentioned above is then trained and tested ten times, each time training the data

of nine of the sections and applying the trained classifier to the remaining section to assess

performance and generate predicted probabilities. As it stands, the training data is rarely

balanced. This implies that the number of speeches per party will differ. To ensure the

classifier is trained on balanced data, meaning it is fed roughly equal amounts of informa-

tion per party, I apply Synthetic Minority Oversampling Technique (SMOTE) to each of

the fold’s training sets. This oversampling technique duplicates observations in the minority

class, or classes, to match the number of observations in the majority class. By replicating

observations based on the k-nearest neighbours of observations in the minority class, the

class is expanded without adding new information to the model. As a result, all parties in
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each cabinet will have the same number of speeches fed to the classifier. 2

With this pipeline, for each of the folds, the model is trained to recognise the average

party-identity of each coalition party for the duration of incumbency. This trained model is

then applied to a random (yet stratified) sample of speeches from the incumbency, on which

the model was not trained, to asses how these speeches diverge from this average identity.

By doing this ten times using a cross validation split, each speech in the corpus is included

in a test set once, and will be assigned predicted probabilities of belonging to each of the

classes, or coalition parties.

4.2.3 Score Calculation

From the averaged predicted probabilities monthly party recall scores are generated by aggre-

gating the probabilities per month for each of the parties comprising the coalition. Previous

studies employing this method have typically evaluated classifier performance using overall

accuracy, reflecting aggregate distinguishability across all parties in parliament. To capture

individual party behaviour, I focus on recall instead, which reflects the proportion of a party’s

speeches that are correctly classified as such. High recall for a given party thus indicates

that its rhetorical profile is sufficiently distinct for the classifier to reliably identify it, while

low recall suggests lower distinguishability. In this context, false negatives (speeches from a

party that are misclassified as belonging to another) are more substantively meaningful than

false positives, as they directly represent moments when a party’s rhetoric blends into that

of its coalition partners. This party-level recall therefore provides a more nuanced measure

of coalition differentiation as an individual party behaviour, allowing analysis of how clearly

each party distinguishes itself over time.

Additionally, existing applications of this method have almost exclusively been applied

to two-party systems. These applications, therefore, did not compare results across classifi-
2This does not account for structural differences in the length of speeches, i.e. if smaller coalition parties

systematically speak more succinctly, they would remain underrepresented in the training data even with
the same number of speeches. To account for this, I include speech length as an additional feature in the
classification.
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cations with different numbers of classes. Yet the number of parties, and thus the number

of classes in the classification, will affect the baseline recall, or the level of performance at

which a classifier is as good as random. In a binary classification this is at 50%, whereas

in a four-class classification this is 25%. Comparison between coalitions of different sizes is

impossible without correcting for this. I do so by only considering the surplus recall as my

final measure of distinctiveness signalling. This is the rate superseding the baseline score of

each month. The formula for this measure is:

Recall Surplus = True Positives
True Positives + False Negatives − 1

n

Using recall surplus thus indicates how the classifiers pipeline is performing beyond ran-

domness and regularises the results across cabinets of different sizes. Finally, since some

scores are quite noisy for months with very few speeches (such as summer and winter re-

cess), I drop the scores/months in the bottom 5% of speech frequency. I employ a relative

cut-off point, as each country will differ in the number of speeches its parliamentary speech

rules will allow for on average.

4.3 Interpretation of results

The differentiation scores are generated for each individual coalition party, for every month

of incumbency. Recall surplus as coalition differentiation scores indicate whether a party is

distinguishable, or if it frequently confused for another party. The score thus illustrates the

extent a party has assimilated or united with one or more of its coalition partners, or whether

it is publicly defending a unique party identity instead. What constitutes a low, or a high

score, will always be relative to context. The overall performance of the classifier, and thus

the size of the scores, will be influenced by linguistic characteristics such as vocabulary size,
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Table 1. Dashboard Summary of Scores and Sample by Country

Country Scores Governments Unique Parties Year Range Original Dataset
AT 447 9 3 1996–2018 ParlSpeech V2
DE 563 8 4 1991–2018 ParlSpeech V2
DK 423 9 6 1997–2018 ParlSpeech V2
IE 491 8 6 1992–2013 DPI 1919-2013
NL 638 10 6 1994–2019 ParlSpeech V2
SE 504 4 6 1991–2018 ParlSpeech V2
Total 3066 48 31

but also by the distinct parliamentary rules and the culture of a country’s parliament. These

will be relatively stable within cases but vary across countries. For example, a country may

have the parliamentary practice to address fellow politicians by their full name as opposed

to directly addressing the speaker. As names will only be associated with a single party,

this is a very easy distinguishable feature for a classifier to identify. As such, their coalition

differentiation scores will be systematically higher than countries who do not share this

practice. This is not an indication that these coalitions are on average more differentiated.

Instead, this is a product of institutional customs. With this in mind, I recommend using

this measure to capture within-case variation, as cross-country variation is not necessarily

meaningful.

5 Results

The descriptive details of the dataset generated by the aforementioned pipeline is detailed

in Table 1. Across six countries, this dataset encompasses a total of 3,066 monthly coalition

party differentiation scores collected from 48 distinct government cabinets, representing 31

unique parties over time periods ranging from 1991 to 2019 depending on the country. The

generation method described is straightforward to expand to any party-labeled coalition text

corpus. This can include parliamentary speech from countries not covered in this dataset,

or other coalition-relevant text such as press-releases or interviews.
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The distinctive attribute of this pipeline and dataset, are the generation of dynamic,

time-varying scores, for every party in cabinet. To illustrate the value of this granularity,

Figure 1 plots all scores for a subsection of cabinet pairs from my sample. These pairs

are successive governments from the same country, comprising the exact same parties. In

this subset, therefore, the number of parties, as well as the ideological distance between the

parties in office, is kept approximately constant. As mentioned previously, static cabinet

characteristics such as the size and ideological distance, are popular measures indicating the

state of a coalition government. Nevertheless, when these remain relatively stable for suc-

cessive governments, and therefore existing measures indicate little to no change in coalition

dynamic, this novel measure captures very distinct patterns of differentiation behaviour from

one government to the next. For example, the Democrats’66 (D66) display a lower level of

differentiation in the Kok II cabinet when compared to their behaviour in the preceding gov-

ernment. The same can be said about the Freedom Party of Austria (FPÖ) in the Schüssel II

government. Figure 1 thus shows differentiation is an inherently dynamic behaviour across

cabinets, but also within cabinets. Such fine-grained variation is not even closely captured

by pre-existing static variables.

Naturally, the question remains whether this measure successfully captures coalition dif-

ferentiation. The following section sets out a number of validation test to assess the extent

these scores effectively capture meaningful distinctions between coalition parties over time.

6 Validation of Differentiation Scores

6.1 Feature Importance

The combination of TF-IDF vectorisation, and traditional machine learning algorithms al-

lows for a certain degree of transparency into the classification, specifically by investigating

feature weights. More precisely, each word, or feature, is ascribed a weight or importance

in the classification process, every time such a pipeline is run. This means that, retrospec-
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tively, one can assess which words in particular were driving classification for each cabinet,

and whether this is consistent with the expectations derived from the theory on coalition

differentiation. In a two-party coalition, the resulting weights indicate the importance of a

word in determining the dominant class. As such the high-scoring words are associated with

this one coalition party, and the low-scoring words with the other. For coalitions of more

than two parties the resulting feature weights are an average of binary classifications across

all combinations of classes. This means that unlike with binary classification, the feature

weights cannot be interpreted as predicting a single party. As a result, assessing the impor-

tance of these features to validate these coalition differentiation scores can only be done for

two-party cabinets. Figure 2 plots the top 20 words per class, for eight two-party coalitions

from the sample.

From this figure one can deduce that the most important words per class tend to be

words included in the party name (radikale, liberale, sozialdemokraten), or the party initial-

ism (CDU, ÖVP, VVD). Such explicitly stating of the party name is also associated with

differentiation: the more a party’s name is stressed the more differentiated they are publicly.

In contrast, mentioning the coalition, as German Liberal party (FDP) does frequently in

Kohl VI, can be an indication of publicly uniting. Moreover, certain policy- specific words

relevant to particular parties also score highly. For example. flygtninge (refugees) for the

Danish radical left party (RV), arbeitnehmer (employee) for the Austrian Social Democratic

party (SPÖ), and onderwijs (education) for the Dutch Christian Democrats (CDA). These

results combined strongly suggest that the classification pipeline is picking up on party dif-

ferences correctly and the classification is not driven by random linguistic patterns.

6.2 Convergent Validity: Static Variables

Most traditional indicators of coalition conflict are static, typically a single value assigned per

cabinet. It is worth considering whether this dynamic measure of coalition differentiation,

and thus indirectly of coalition conflict, corresponds with these established metrics in a way
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that aligns with theoretical expectations. Using metadata on coalition cabinets from the

PAGED dataset (Bergman, Bäck and Hellström 2021), I average the coalition differentiation

scores across parties and months to generate a single score for each cabinet. I then compare

these averaged scores across several metrics of interest.

The most straightforward starting point is to examine how differentiation scores vary

between cabinets that terminated due to conflict and those that did not. Figure 3 displays

the distribution of differentiation scores for these two groups. Interestingly, the mean scores

for the two groups are not significantly different. I attribute this to two factors. First, some

cabinets may experience periods of high conflict without ultimately terminating for that

reason. Second, cabinets that do end due to conflict may have undergone a sudden onset

of tensions, preceded by a period of relatively stable cooperation. Because my measure is

averaged over the entire cabinet’s lifetime, these dynamics would not necessarily result in

large differences in the overall scores. The bimodal distribution among conflicted cabinets

reflects this pattern as well. Some cabinets exhibit consistently high levels of conflict, while

others experience only a single bout of disagreement.

To explore the relationship between monthly coalition differentiation scores and coalition

division further, I next consider ex-ante variables known to be associated with more com-

plex bargaining environments and thus a higher propensity for conflict. Figure 4 shows the

relationship between averaged differentiation scores and the duration of government forma-

tion negotiations, measured in days. The negative association indicates that as formation

duration increases, cabinets tend to display less differentiation behaviour. This is consistent

with theoretical expectations. A lengthy formation process often signals that substantial

issues have been hashed out prior to taking office. The more settled in advance, the less

opportunity there is for conflict while in government. A similar logic applies to the length of

the coalition agreement. Figure 5 plots the relationship between differentiation scores and

the number of words in the coalition agreement. The longer the agreement, the more policy

detail is codified before governing begins, leaving less room for differentiation once in office.
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Figure 3. Average Coalition Differentiation for Cabinets Terminated by Conflict
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Figure 6. Average Coalition Differentiation for Different Cabinet Types

Figures 7 and 6 present average differentiation behaviour by cabinet size and cabinet

type, respectively. As well established in the literature, larger coalitions face more complex

bargaining environments and consequently a higher likelihood of conflict(Warwick 1992).

Figure 7 reflects this pattern, with average coalition differentiation increasing alongside the

number of parties in the cabinet. Cabinet type also reveals consistent differences in differen-

tiation behaviour. Minority cabinets depend on external parliamentary partners to achieve a

majority, which reduces the incentive to emphasise internal cabinet unity. Minimal winning

coalitions, in contrast, rely entirely on their coalition partners to pass legislation, placing

greater emphasis on internal consensus. Surplus majority cabinets, which include more par-

ties than strictly necessary for a majority, can often form multiple majorities internally,

creating more opportunities for internal division.
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Figure 7. Average Coalition Differentiation for Different Coalition Sizes

6.3 Convergent Validity: Dynamic Variables

As mentioned prior, dynamic measures of coalition differentiation are rare, especially for

sizable samples. Yet, considering the few dynamic measures which do document month-to-

month fluctuations, allow me to assess whether the classification-based measure of coalition

differentiation responds to temporal patterns, and not just fixed cabinet characteristics. To

do so, I compare the monthly classification-based coalition differentiation scores against three

such measures. The results of simple linear regression models, estimated separately for each

of these comparisons and including country fixed effects where appropriate, are reported in

Table 2.

The first comparison with an existing dynamic measure of coalition differentiation is to

the average speech length per party per month, introduced by Martin and Vanberg (2008) as

a proxy for differentiation: the longer a legislator speaks, the more opportunities there are

to diverge from the coalition line. I compute monthly averages for each coalition party and

correlate these with the classification-based differentiation scores in Model 1 of Table 2. It
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should be noted that speech length is also included as one of the features in the supervised

classification, meaning that the classification score already reflects some of the information

speech length can provide about party identity. The fact that the coefficient in Model 1 is

very small in substantive terms, though statistically significant and positive, suggests that

speech length contributes only marginally to the overall differentiation signal, which is largely

driven by other linguistic features. The significance is nonetheless noteworthy: even beyond

the influence it had in the classification stage, monthly variation in speech length aligns with

variation in the differentiation score, providing weak but consistent evidence of convergence.

The second comparison is with coalition mood, developed by Imre et al. (2022) from

parliamentary applause data in Austria and Germany. Here, I aggregate the monthly differ-

entiation scores to the cabinet level by taking their average, and regress these cabinet-level

averages on the corresponding monthly coalition mood scores, including country fixed ef-

fects to account for unobserved heterogeneity between the two countries. The coefficient in

Model 2 is significant and positive: as the mood of the coalition improves, differentiation also

increases. This runs counter to the expectation that more supportive legislative applause

behaviour would coincide with greater unity and less differentiation. One possible explana-

tion is that applause may not purely reflect approval of coalition unity, but rather a broader

positive response to active, engaging, or high-salience parliamentary debate. Closer inspec-

tion in Figure 8 shows that the relationship is driven primarily by Austria, suggesting that

contextual or institutional factors specific to the Austrian parliamentary setting may explain

this pattern. However, without further qualitative investigation, this remains speculative.

Finally, I compare my measure to the variance in issue attention across coalition party

press releases, introduced by Sagarzazu and Klüver (2017) for a set of German cabinets.

This captures the extent to which coalition partners prioritise different topics in their pub-

lic communication. Model 3 of Table 2 shows a positive coefficient (p = 0.07), confirming

that higher differentiation in press releases is associated with higher differentiation in par-

liamentary speech. This convergence is reassuring, given that the two measures are based
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Figure 8. Average Monthly Coalition Differentiation and Coalition Mood

on entirely separate corpora (press releases versus parliamentary debate) yet show similar

patterns in coalition differentiation. It is important to note that the coefficient of 0.023 is

relatively small in magnitude. This is likely due to a combination of factors. First, the two

measures are on different scales and constructed from entirely separate corpora. so a direct

one-to-one relationship is neither expected nor realistic. Second, even theoretically, we would

not anticipate a very strong relationship: coalition parties may differentiate differently in

public communications versus parliamentary debate, depending on strategic considerations,

audience, and timing. Therefore, the modest size of the coefficient is consistent with expec-

tations and does not undermine the validity of the association; it merely reflects that the

two measures capture overlapping, but not identical, dimensions of coalition differentiation.

Overall, the results of these comparisons provide cautious but meaningful evidence of con-

vergent validity for the classification-based measure of coalition differentiation. Across all

three dynamic measures the measure exhibits positive associations, even if some coefficients

are small or contextually nuanced. The alignment with multiple, independently constructed

dynamic measures suggests that the monthly differentiation scores are sensitive to temporal

variation in coalition behavior, capturing shifts in party positioning beyond static charac-
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teristics. While some patterns, such as the positive relationship with coalition mood in

Austria, remain puzzling, the broader consistency across measures reinforces confidence that

the classification-based approach effectively tracks coalition differentiation over time.

7 Conclusion

Using supervised classification, the measure presented in this paper captures the degree to

which coalition parties present distinct preferences or a united front in parliament for every

month a coalition is in office. With 3,066 monthly party scores covering close to 50 govern-

ments across six European democracies, this approach enables detailed, time-varying exami-

nations of intra-coalition interactions. It allows researchers not only to observe coalition-level

behavior but also to disaggregate these dynamics to the party level, providing insight into

each party’s role, responses, and strategic positioning within the coalition.

Because of this granularity, future research can employ this measure to assess key ques-

tions surrounding coalition governance with much more variation than previously possible.

For example, the process of coalition legislating can be unpacked by assessing how a differ-

entiated coalition affects legislative output, and under which conditions legislating becomes

protracted. In turn, differentiation scores allow for the study of coalition responsiveness: is

a coalition government’s sensitivity to public demand a united response across all parties, or

does it induce coalition conflict? In a similar vein, one can assess how voters might reward or

penalise publicly made concessions. At the cabinet level, differentiation scores can serve as

indicators of internal divisions that may precipitate preterm coalition termination or affect

strategic decision-making.

There are, however, important limitations to consider. The performance of the super-

vised classification is influenced by country-specific characteristics, including the size and

composition of parliamentary speech corpora and legislative procedures that affect speech

quantity. As a result, the measure is not suited for direct cross-country comparison without
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accounting for these factors; the inclusion of country fixed effects is recommended when an-

alyzing multiple countries. The measure’s comparative value lies primarily in cross-cabinet

and intra-coalition party comparisons within countries. Additionally, the measure assumes a

degree of party discipline in the legislature. In political systems with weakly institutionalized

parties or less centralized legislative behavior, the measure is likely to capture more noise

than signal, as indicated in Appendix C. Even in disciplined legislatures, exceptions exist,

such as coalitions involving populist parties, where prolonged, public intra-party divisions

may reduce measurement precision. Consequently, the measure is less reliable in assessing

coalition governance under such conditions.

Overall, this classification-based approach offers a robust and flexible tool for researchers

seeking to understand the temporal dynamics of coalition behavior, the role of individual

parties within coalitions, and the broader implications of differentiation for legislative per-

formance and democratic accountability. Moreover, the method is readily extendable to any

other party-labeled coalition corpora, making it a versatile tool for comparative research

across different countries, time periods, or legislative contexts. By bridging the gap between

static and dynamic measures of coalition differentiation, it provides a foundation for richer

empirical investigation into the strategic and institutional mechanisms that shape coalition

governance.
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A Numerical Representation of Text

With a range of different methods available for creating document-feature matrices from text
data, this appendix considers two different approaches to numerically represent coalition
speech data for a subsample of cabinets from The Netherlands. Based on this comparison,
I determine which numerical representation of text is most suitable for the generation of
coalition party differentiation scores.

The most commonly employed methods for vectorising text are one hot-encoding, or bag-
of-words approaches. The methods represent text data as word frequencies. This implies
that one counts the frequency each word found in the corpus occurs in a document. In this
particular application this would be the number of times a word from the set vocabulary
appears in a coalition MP’s speech, for all the coalition speeches performed during a cabinet’s
time in office. Since not all words are equally informative in this context, Term Frequency –
Inverse Document Frequency (TF-IDF) weighting is often included to introduce a hierarchy
amongst words in the corpus. TF-IDF weighting scales the absolute word counts by the
occurrence of each word in the full corpus. Therefore, less frequent, but presumably more
information-rich words, are weighed as more important. Whereas more frequently used filler
are given less weight.

Yet, this bag of word approach only consider word frequency as a linguistic characteristic
worth capturing. However, two speeches with no words in common and thus diametrically
different as captured by one-hot encoding, might still be discussing the same topic or opinion.
The second method employed, document embeddings, is a form of numerically representing
text data which is more sensitive to semantics. Document embeddings are a distributed
representation of words. This implies that instead of a vector of frequency, a document is
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represented by a dense vector of a set number of averaged dimensions. Document embeddings
average the embeddings for all the words found in a speech. These word embeddings represent
the location of a word in a multidimensional space and thus indicate how similar words are to
each other.3 As a result, this method, therefore, can pick up semantic relationships between
words, unlike one-hot encoding.

I use OpenAI’s text-embedding-3-small model to turn each Dutch parliamentary speech
into a single numerical representation with 1,536 values. The OpenAI embeddings model
first tokenises the text, then processes them using a transformer-based neural network. It
creates a set of numbers for each token, and finally combines these into one fixed-length
vector for the whole speech by taking a weighted average. In the resulting matrix generated
by this document embedding approach, the rows continue to represent all coalition speeches
in a cabinet, yet the columns represent the 1,536 embedding dimensions instead. As such,
using this method, one cannot investigate how precise words are driving classification. This
degree of opacity into classification is a notable shortcoming when employing this method.

Using both the TF-IDF and embedding-based document-feature matrices for all Dutch
cabinets, I apply the analytical pipeline outlined in the methods section to produce two dis-
tinct sets of coalition differentiation scores. Figure A.1 presents these scores in a scatterplot,
revealing a strong positive association between the two measures. The Pearson correlation
coefficient is 0.724 (p < 0.001), indicating that the scores derived from the two vectorisation
techniques are highly similar.

Given this high degree of correspondence, it is unlikely that the additional investment re-
quired to generate text embeddings would be justified in this context. Producing embeddings
involves processing the full corpus through a large neural network model, which substantially
increases computation time compared to a TF-IDF transformation. It also requires greater
memory and storage capacity to handle high-dimensional vectors, and, when using commer-
cial APIs such as OpenAI’s, it incurs direct financial costs proportional to the volume of text
processed. Since the resulting coalition differentiation scores are not meaningfully different
from those obtained with the far less resource-intensive TF-IDF method, the marginal gains
in representational sophistication offered by embeddings do not translate into a measurable
improvement for this specific application.

3Note that word embeddings therefore do not rely on the fixed vocabulary, as the chosen execution of the
previous method does.
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B Classifier Performance & Model Dependency

As part of the classification pipeline, I apply three different classification algorithms to the
same set of coalition speech data. These algorithms differ in their mathematical foundations,
in the way they learn from data, and in how they make predictions. The differentiation scores
that emerge from this step of the analysis are, at their core, a quantification of prediction
error. Higher scores indicate that the classifier found it more difficult to correctly assign
speeches to the correct coalition party, which in turn is taken as evidence of greater coalition
differentiation.

Because these scores are derived from prediction errors, it is important to ensure that
they are not simply an artefact of a specific algorithm’s tendencies or limitations. If a
single classifier were used, there would always be the possibility that its unique biases or
assumptions were shaping the results. However, when multiple classifiers, each operating
according to different principles, produce highly similar errors on the same data, this suggests
that the patterns in the scores are being driven by features inherent to the data itself rather
than by idiosyncrasies of the model. In this case, the use of three distinct classifiers allows
for such a cross-check. If the classifiers converge on similar patterns, one can have greater
confidence that the observed variation reflects a genuine latent characteristic of the speeches,
rather than an artefact of model dependency.

It is therefore important to establish whether the different classifiers are in fact measuring
the same underlying variation. To that end, Figure A.2 presents the coalition differentiation
scores for each of the three classifiers separately across all countries included in the sample.
Each point in the figure represents the average monthly cabinet score for a given country,
with results shown for all six countries under study.

In every country, the resulting scores for each classifier follow a very similar trajectory.
This high degree of correspondence strongly suggests that the classifiers are capturing the
same latent variable, which I interpret as coalition differentiation. The implication of this
finding is twofold. First, it confirms that the differentiation measure is not being driven
by the particular characteristics of any single classifier. Second, it indicates that the latent
signal is sufficiently strong and consistent that it can be reliably detected by algorithms
with very different underlying structures. This provides a strong basis for confidence in
the robustness of the measure, and removes the concern that the results might be unduly
influenced by model dependency.
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Figure A.3. Individual Speaker Coalition Differentiation for Ministers and MPs from
Four Swedish Coalitions

C Coalition Parties as Unitary Actors

To test whether internal party division affects the differentiation scores, I consider scores of
MPs and ministers separately. Metadata on roles of parliamentary speakers is only available
for Sweden, for a total of four. For this sample, I calculate differentiation scores for each
speaker, per cabinet, in order to investigate the difference in aggregated behaviour between
parliament and cabinet. If MPs are indeed less bound by consensus than their colleagues
in cabinet, one would expect MPs to have, on average, a higher score than ministers do.
Yet when comparing these two groups in Figure A.3, the opposite is true. These boxplots
show that ministers score higher on average, and that the spread of the minister scores
is significantly smaller when compared to those of the MPs. Subjected to a t-test, these
differences are statistically significant with a t-score of -13.643 and p-value of 0.000. This
suggests cabinet ministers tend to differentiate more, and do so in a consistent fashion.

Nevertheless, this higher score for ministers may simply be driven by their frequency of
speech. More precisely, if ministers speak more often during their incumbency, the classifier
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Figure A.4. Individual Speaker Coalition Differentiation for Ministers and MPs From
Four Swedish Coalitions Compared Against Frequency of Speaking

will be better attuned to their language use and therefore classify them more accurately.
To investigate this possibility, I plot these same scores across the number of speeches each
speaker performs for the duration of the cabinet in Figure A.4. This shows that, indeed,
cabinet members speak more often. Nevertheless, even those ministers who do not, still
classify as high. This indicates that there is consistency across ministers of the same party
in their language use, further enforcing the small spread seen in the boxplots in Figure A.3.

Does the observed difference in differentiation scores among MPs challenge the assump-
tion that parties act as unitary actors? I argue that it does not necessarily. This is because
the majority of the data used in the pipeline is produced by frequent speakers, who are
typically members of the party elite. Consequently, the classifier is primarily trained on
the language patterns of these elite speakers when identifying party labels. These frequent
speakers exhibit a high degree of linguistic consistency, regardless of whether they hold min-
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isterial roles or not, which results in relatively high differentiation scores. In contrast, less
frequent speakers—who are more likely to display divergence in their speech—contribute
far fewer observations. As a result, their influence on the overall classification is minimal
and introduces only limited noise. Therefore, the differentiation scores predominantly re-
flect coherent party-level language use, supporting rather than violating the unitary actor
assumption.

It remains possible, however, that divisions in language use emerge amongst the frequent
speakers of a party. More precisely, this would occur if there were a complete separation
in differentiation behaviour within the leadership of a party. In the case of a divided party
leadership, the set of speeches the classifier is trained upon is much more heterogeneous
for that respective party. Therefore, the classifier’s understanding of what a party identity
is, becomes more diffuse. For instance, consider a latent dimension of language use on
which one can place a frequency distribution of speeches per party, as plotted in Figure
A.5, plot A.4 Here the mean value, indicated by a dashed vertical line, indicates where
a party identity expressed in parliamentary speech lies on the dimension in that point in
time, and the standard deviation indicates how diffuse this identity is within the party
itself. The intention of the measure is to capture change in means as coalition parties
choose to unite or differentiate in language, and indicated in plot B where party B’s mean
changes from six to four, thereby moving closer to party A. Here the shaded area where the
two distributions overlap represents the linguistic similarities driving misclassification and
lowering classification performance scores.

However, if frequent speakers become divided, and thereby the data for the party becomes
more heterogeneous, the spread of the distribution is more affected than the mean. This is
depicted in plot C of Figure A.5. In such situations, any increase in the surface area where
the two distributions overlap is not due to a central party decision to differentiate, and
instead more of a reflection of an internal party conflict on the extent of differentiation.

In general, such division amongst frequent speakers is very rare in the sample this measure
is currently applied to. The sample of countries is selected as they are characterised by party
unity in parliament. The few cabinets in my sample where this may be an issue are those
coalitions which include a populist party without governing experience, such as the FPÖ in
the Austrian Schüssel I government and the LPF in the Dutch Balkenende I government.
In these outliers, party discipline is less prevalent, specifically with regards to the extent
to which the party ought to govern with consensus or continue their more extreme position
from the electoral campaign. Therefore, in such cases, interpreting the differentiation scores
should be done with caution, as internal party divisions may influence the results,

4I do not expect the spread to follow a normal distribution, this is merely for the sake of simplicity.

8



0 2 4 6 8 10

0.0

0.1

0.2

0.3

0.4

0.5

Fr
eq

ue
nc

y

A
Party A
Party B

0 2 4 6 8 10

0.0

0.1

0.2

0.3

0.4

0.5

Fr
eq

ue
nc

y

B

0 2 4 6 8 10

Language Use

0.0

0.1

0.2

0.3

0.4

0.5

Fr
eq

ue
nc

y

C

Figure A.5. Linguistic Distributions for a Hypothetical Cabinet

9


