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Abstract 

Parliamentary debates sometimes see uncivil behavior by MPs and parliamentary rules of procedure 

provide instruments such as Calls to Order to sanction uncivil behavior. Incivility is an extreme form 

of negativity encountered in parliamentary debates. The varied forms of negativity found in 

parliamentary debates has made them a popular test field for sentiment analysis, the systematic 

measurement of valence in statements. This chapter describes a sentiment analysis procedure which 

combines context-sensitive word representations, crowdcoding of negativity in training sentences 

and a neural network classifier to establish the level of negativity in debate statements. To validate 

the procedure we try to predict Calls to Order in the Austrian parliament. We find that we can 

predict Calls to Order from a statement’s degree of negativity reasonably well. The procedure 

therefore offers great potential for a valid and reliable measurement of incivility in parliamentary 

debates. 

 

 

 

Introduction 

The study of negative rhetorical interaction in parliament forms part of what Soroka (2014) termed 

the study of “negativity in politics”. Its most prominent subfield is negative campaigning (e.g. 

Ansolabehere and Iyengar, 1995; Lau and Brown Rovner, 2009; Nai and Walter, 2015; Haselmayer, 

2019), but also includes forms of incivility (Stryker et al 2016) in the media (Jamieson, 1992; Mutz 

and Reeves, 2005), on the internet (Anderson et al 2014) or in parliamentary debates (Brooks and 

Geer, 2007; Herbst, 2010; Dodd and Schraufnagel, 2013). A recent addition is the use of rhetorical 

outrage by political actors (Sobieraj and Berry, 2011; Berry and Sobieraj, 2013).  
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Studying incivility in parliamentary debates provides a distinct perspective on the phenomenon of 

political polarization. The dominant way of approaching the topic of political polarization has been 

through a (left-right) spatial representation in which an increase in polarization is understood as 

political actors, such as parties, moving apart on a dimension of conflict (Dalton, 2008), or when 

there is a multitude of actors, such as legislators from two parties, sorting into antagonistic camps on 

political issues with the middle ground less and less populated by legislators from both sides (e.g. 

Sinclair, 2006; Binder et al, 2009; Abramowitz, 2010). Political polarization, as used in this chapter, is 

based on how political actors behave in deeds and words towards each other in the parliamentary or 

in other arenas (e.g. Uslaner, 1993; Iyengar et al, 2012; Jamieson et al, 2018). Rhetorical incivility, the 

use of ‘strongly negative language’ that disrespects social or legal norms of civility is one means 

through which political actors indicate that they disagree with or disapprove of each other. Iyengar et 

al. (2018) called that “affective polarization”. 

While patterns of rhetorical interaction between MPs and parties in different legislative terms and 

under varying government compositions are of interest to students of parliamentary politics and 

party competition, the chapter’s focus is on making a methodological contribution. We use 

sentiment analysis (Liu, 2015), the systematic study of valence contained in textual data, to establish 

a measure for a statement’s level of incivility. We use manually annotated negative sentences taken 

from political texts, such as parliamentary debates, to train a supervised classifier and validate the 

method’s capabilities of identifying rhetorical incivility in Austrian parliamentary debates by 

predicting actual Calls to Orders.  

 

Calls to Order in the Austrian National Council 

Parliamentary debates are highly regulated rhetorical exchanges between MPs or between ministers 

and MPs. the National Council, which is the dominant lower chamber of the Austrian parliament, to 

whom government is responsible. Its Standing Orders provide an elaborate set of rules regulating the 



3 
 

debates, which are further specified by precedent decisions by the president of parliament (Cerny 

and Fischer, 1982; Atzwanger and Zögernitz, 1999; Gibba, 2013; Jenny and Müller forthcoming).  

At the start of a new parliamentary term the National Council elects a president and two deputy 

presidents. The president has traditionally been a long-serving MP from the largest parliamentary 

party and the deputy presidents from the second and third largest party (Jenny and Müller, 1995). 

These three presiding officers direct the parliamentary debates, uphold compliance with the 

Standing Orders and sanction MPs who fail to do so by violating decency or the dignity of the 

National Council through ‘insulting statements’ or behavior that ‘does not comply with orders of the 

President’ with a Call to Order (§ 102, Standing order of the National Council). Calls to Order that 

sanction uncivil rhetorical behavior provide an excellent resource to establish the validity of a 

sentiment analysis procedure.  

 

Method and Data 

 

We collected Calls to Order in the National Council issued over the course of five parliamentary terms 

(1996-2013). During that period two types of majority coalition governments were in office. First 

there was a SPÖ-ÖVP coalition (1996-1999), then came two terms of an ÖVP-FPÖ coalition (2000-

2006), followed by a return to SPÖ-ÖVP coalition governments in the last two (2006-2013) terms 

studied. 

Table 1 provides a count of Calls to Order issued based on a keyword query for Calls to Order 

(“Ordnungsrufe”) on the Parliament’s website. In these five parliamentary terms the National Council 

held 756 plenary sessions in which the presiding officers issued 410 Calls to Order. On average, every 

second plenary session saw a MP sanctioned by a Call to Order.  

Two terms stand out with extraordinary high counts of Calls to Order, the 21st and the 24th term. In 

the 21st term an ÖVP-FPÖ coalition government – the so called ‘black-blue’ coalition – came into 

office for the first time. The highly controversial government formation initiated a period of left-right 
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polarization in parliament (Müller and Fallend, 2004). The 24th term, with a SPÖ-ÖVP government 

coalition in office, saw five parliamentary parties, a record number of MPs expelled from or exiting 

their party group and a new parliamentary party established by renegade MPs, and temperamental 

outbursts by MPs sanctioned with Calls to Orders. 

 

Table 3.1: Calls to Order in the National Council (lower house) 

Legislative term Calls to Order Plenary sessions Calls to Order per 
plenary session 

20. (1996-1999) 68 182 0.4 
21. (1999-2002) 85 117 0.7 
22. (2002-2006) 69 163 0.4 
23. (2006-2008) 25 75 0.3 
24. (2008-2013) 163 219 0.7 

20.-24th term 410 756 0.5 

Source: calculated from a keyword search (“Calls to Order”) at parliament’s website 

(www.parlament.gv.at) 

 

A Call to Order does not always follow immediately after a MP committed a transgression. 

Sometimes a MP or a parliamentary party lodges a protest to the president after the session and 

demands the sanctioning of an uncivil interruption by another MP. The president of the National 

Council then issues a decision on the matter in a subsequent plenary session. We extracted 

parliamentary debate contributions from the National Council’s debate transcripts, but without 

statements of presiding officers that referred to a past debate. For that reason our dataset of Calls to 

Order covers only 83 per cent of the total number of Calls to Order issued. 

Table 2 shows the number of speeches and Calls to Order that were issued directly in a debate per 

term and the share of speeches sanctioned with a Call to Order. Overall, one per cent of the 

speeches was sanctioned, with higher rates of sanctioning in the first term of the black-blue coalition 

government and the last term of the period studied. 

 

Table 3.2.: Debate speeches and Calls to Order in the National Council 
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Legislative term Speeches given 
 in debates 

Calls to Order 
 in debates 

Calls to Order in per 
cent of speeches 

20. (1996-1999) 7,272 51 0.70 
21. (1999-2002) 5,085 67 1.32 
22. (2002-2006) 7,159 58 0.81 
23. (2006-2008) 2,953 23 0.78 
24. (2008-2013) 10,143 141 1.39 

20.-24th term 32,612 340 1.04 

Source: own dataset of Calls to Order extracted from parliamentary debates 

 

We set up a case-control study that starts from the assumption that Calls to Order are issued to 

sanction strongly negative language, in line with the rules of order outlined abovei. We use the texts 

of the speeches associated with a Call to Order and an identical number of randomly selected 

unsanctioned speeches to test whether sentiment analysis (Haselmayer and Jenny, 2017; Rudkowsky 

et al, 2018) can identify these uncivil – that is highly negative – parliamentary speeches.  

 

Method 

Our approach for identifying uncivil speeches starts with measuring the level of negativity of 

sentence-wise statements. It builds on a combination of negativity scores for words and sentences 

computing word embeddings scores for a sentence first and then running it through a neural 

network classifier to establish a negative sentiment score. The basics of the approach were 

presented in Rudkowsky et al (2018). We have improved it here by drawing on a bigger database of 

word embeddings and a different procedure for the sentiment classification.  

Sentiment scores of sentences in a speech derive from words contained in it. Word embeddings 

capture their relationship with other words that do not have to appear in a speech or text. Words 

with similar meaning and valence tend to appear in similar contexts: they are `embedded’ similarly. 

This contextual information was utilized in Rudkowsky et al (2018) through the Word2Vec program 

(Mikolov et al, 2013a; 2013b). Here, we use a set of German word embeddings provided by the 

multilingual NLP library Polyglotii (Al-Rfou et al, 2013). Polyglot calculates individual word embedding 
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features from a corpus of Wikipedia articles in the respective language. We computed the average of 

the word vectors to get values for a sentence vector as input for a Multilayer Perceptron (MLP) 

neural network that classified the strength of negative sentiment for the complete sentence. 

FastTextiii (Bojanowski et al, 2016, Grave et al, 2018, Joulin et al, 2016; Mikolov et al, 2018) is an 

alternative library with a larger set of items (words and subwords).iv Using subwords, word 

components, the fastText library, with help from the Gensim libraryv, can establish meaningful word 

vectors even for words that are not found in the corpus. As another improvement to the procedure 

previously used (Rudkowsky et al, 2018) the procedure now respects word order. A sentence consists 

of a set of words in a distinct order, which are represented as a sequence of embeddedness word 

vectors. That preserves information on word order and captures dependences between words. To 

deal with a sequential data input, a Recurrent Neural Network processes the sequence of vectors and 

creates a single vector summary that is passed on to a three-layered Multilayer Perceptron (MLP) 

performing the actual classification of a sentence as neutral, negative or very negative.vivii  

Text preprocessing is minimal: all stopwords and punctuations are kept. To compare results the new 

procedure was trained with the dataset used in Rudkowsky et al (2018). The training dataset consists 

of 20,580 sentences with a continuous negativity score per sentence ranging from 0 (“neutral”) to 4 

(“very negative”) (Haselmayer and Jenny, 2017, 2018). These continuous scores were matched to 

one of three output classes (“neutral”, “negative”, “very negative”)viii. The new model was trained 60 

times with a dropout of 40 per cent over the entire network. The average accuracy of was 63 per 

cent, outperforming the procedure presented in Rudkowsky et al (2018) by 5 per cent. There we 

reported an overall accuracy of 58 per cent for a word embeddings approach compared to 55 per 

cent accuracy for a ‘classic’ bag-of-words approach. 

To show that high negativity scores correspond with uncivil parliamentary behavior, we build a 

balanced case-control sample dataset with 680 speeches selected from parliamentary debates. Half 

of the speeches were sanctioned by a Call to Order, the other half constitute a random sample of 
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unsanctioned speeches. All speeches have sentiment scores assigned by the procedure described 

above. Following similar research, we calculate speech sentiment scores by aggregating the mean 

value of all sentences in a speech (Haselmayer and Jenny, 2017; Rudkowsky et al, 2018). These scores 

constitute the input variable and issuance of Call to Order the output variable for a logistic 

regression. 

The goal is to establish the degree of correspondence between a high degree of negativity (or 

incivility) expressed in a parliamentary speech and the issuance of a Call to Order. We posit that the 

better the negative sentiment scoring procedure works in practice in scoring the degree of negativity 

contained in a speech the better should be the predicted sorting in sanctioned and unsanctioned 

speeches. 

Evaluating the procedure as proposed rests on a set of assumptions:  

a) a Call to Order sanctions uncivil language,  

b) uncivil language is very negative language,  

c) issuance of a Call to Order is rule-based, but modified over time by new precedent decisions to 

the president’s rulebook, and  

d) variation in presiding officers’ sanctioning of uncivil language is small.  

We have already presented evidence in support of the first two assumptions. The remaining 

assumptions may be more controversial. Some variation in how the three presidents of the National 

Council conduct debates and some leeway in dealing with transgressions has to be expected. The 

first president of the National Council enjoys more of it as the highest parliamentary authority than 

the other two presidents. The first president also directs more often the most controversial agenda 

items of a plenary session day.  

For a number of reasons a president’s leeway in sanctioning uncivil language and behavior in plenary 

sessions is bounded. Experienced MPs and parliamentary staff members know what typically 
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warrants a Call to Order. Lists of previously sanctioned terms and behavior have been published in 

answers to parliamentary questions. Parliamentary sessions are open to the public, broadcast on the 

internet and session transcripts available online. Party competition leads MPs to lodge a protest to 

the president whenever a transgression by an MP from another party is not immediately sanctioned. 

That is one side of the matter. However, because Members of Parliament know where the boundary 

between the acceptable and the unacceptable has been drawn in the past, there is also continuous 

innovation in how to rhetorically bash and insult opponents and, perhaps, get away with it. That 

includes using synonyms of items on the list of forbidden terms or the coining new offensive phrases. 

Variation in sanctioning behavior by presiding officers, innovative ways of expressing incivility by 

MPs, and parliamentary rulebook updating via precedent decisions, means that we cannot expect a 

perfect prediction of Calls to Order issuance from the degree of rhetorical incivility in a parliamentary 

speech measured. In spite of these challenges, the next section shows the sentiment analysis 

performs reasonably well in predicting sanctioned uncivil statements. 

 

Results 

The aim is to predict ex post speeches from debates in the National Council sanctioned with a Call to 

Order. The degree of rhetorical incivility is the strength of negative sentiment in a speech based on 

the scoring method outlined above. We did a binary regression of Calls to Order issued on the 

negativity of a statement for our sample of 680 speeches, 50 per cent of which were sanctioned, the 

other 50 per cent were not. Table 3 shows the confusion matrix from the logistic regression model of 

predicted Calls to Order compared with their actual issuance.  
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Table 3.3: Confusion matrix of logistic regression model of Calls to Order on Statement negativity  

 True values   
Model predictions Call to Order issued No Call to Order issued Row totals 

Call to Order predicted 268 96 364 

Not predicted 72 244 316 

Column totals 340 340 680 
 

 

 

The logistic regression model performs slightly better in correctly classifying statements that did not 

result in a Call to Order than the set of sanctioned statements. The positive predictive value is 73.6 

per cent (for statements sanctioned with a Call to Order), the negative predictive value is 77.2 per 

cent. Highly negative statements – based on the sentiment scoring – that were not sanctioned 

constitute interesting cases of variation in the sanctioning behavior of presiding officers.  

The logistic regression model has a correct prediction rate of 75.3 per cent and improves on the 69.7 

per cent of the earlier version presented in Rudkowsky et al (2018). That is considerably better than 

random guessing. For a dataset with balanced event classes random guessing produces on average a 

correct prediction rate of 50 per cent. Comparing the results to state-of-the-art sentiment analysis 

applications is difficult, due to the human decision-making component involved in the issuance of 

Calls to Order. We see predicting a Call to Order as a harder task than a dichotomous classification of 

positive and negative texts. Such tasks obtained accuracy scores of about 85% in recent English 

language applications (e.g. Jianqiang et al, 2018). Levels of accuracy for more complex classification 

tasks, such as hate speech detection in German language texts, are similar to our study (Ross et al, 

2016; Bai et al, 2018). 

 

Conclusion 
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The study of incivility in parliament provides an interesting perspective on party competition and 

negativity in politics. Valid and reliable measurement of incivility, however, remains a challenge. We 

have described a procedure to get a graded measure of incivility and applied it to parliamentary 

speeches, particularly ones that were sanctioned by a Call to Order. Sanctioned speeches should be 

located in the upper range of a negativity scale and thus constitute valuable data to do validity tests 

for sentiment analyses procedures.  

Our sentiment analysis procedure combines the crowdcoding of a sample set of statements with a 

word embeddings approach and a neural network classifier to arrive at a graded measure of 

negativity. We produced negative sentiment scores for 680 parliamentary speeches in the Austrian 

National Council, the lower house of the national parliament. Half of them were sanctioned by Calls 

to Order, the other half were not. This balanced set of statements constitutes a case control design 

with negativity scores as input variable and Call to Order issuance as outcome variable in a logistic 

regression model. If measurement of negative sentiment strength works, a logistic regression should 

be able to separate sanctioned from unsanctioned statements. Overall, the presiding officers’ actions 

were correctly predicted in three out of four cases. The validation exercise performed reasonably 

well, and the graded measure of negativity obtained by the procedure presented should be useful for 

analyzing ups and downs of incivility in parliamentary debates over time.  

The empirical analysis was on debates in German, but the sentiment analysis procedure can be easily 

applied to other languages. A strong point of the word embeddings approach is the availability of 

multi-lingual libraries. Providing a valid and reliable measurement of incivility in parliamentary 

debates can improve our understanding of negativity in democratic politics in general and its 

contribution to affective polarization in contemporary societies in particular (Iyengar et al, 2018). 
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i The president’s answer to a parliamentary question on the issuing of Calls to Order in the 24th legislative 
period contains a precise list of reasons along with exact keywords. Based on 108 Calls to Order, the vast 
majority (92%) were due to rhetorical negativity, such as personal insults or denigration. 
https://www.parlament.gv.at/PAKT/VHG/XXIV/ABPR/ABPR_00065/fnameorig_239591.html  
ii https://polyglot.readthedocs.io 
iii https://fasttext.cc/. The vocabulary of Polyglot’s German language library consists of the 100.000 most 
frequent words in the corpus. The length of individual feature vectors of word embeddings is 64 dimensions, 
the length of the feature vector in Fasttext is 300 dimensions. 
iv It includes approximately two million items for the German language. Subwords can be used to obtain 
information for unknown compound words. As compounds are common in the German language, and 
particularly relevant in the context of political speeches, it improves word coverage substantially. 
v https://radimrehurek.com/gensim/ 
vi The GRU units’ dimension is 128 and uses a Rectified Linear Unit Activation function. The MLP transforms the 
output vector in three layers (with dimensions of 128, 128 and 64 using a Rectified Linear Unit Activation 
function). The final output layer (with a Softmax activation function) produces a single score per sentence from 
a three-valued negative sentiment scale. 

https://fasttext.cc/
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vii We tested a range of structurally more complex model options, including ‚larger‘ models with more layers 
and/or vectors with higher dimensions but classification performance did not improve further. 
viii Class assignment of sentences in the dataset was performed by splitting the score interval into equal 
subintervals: sentences with a score in the interval [0.4 to 3] were considered ‘neutral’, in the range [4/3 - 8/3] 
‘negative’ and larger values were classified as ‘very negative’. 


