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Abstract. The opinions of political actors (e.g., politicians, parties, 
organizations) expressed through claims are the core elements of politi-
cal debates and decision-making. Political actors communicate through 
different channels: parties publish manifestos for major elections, while 
individual actors make statements on a day-to-day basis as reflected 
in the media. These two channels offer different approaches for analy-
sis: Manifestos, on the one hand, are useful to characterize the parties’ 
positions at a global ideological level over time. In contrast, individ-
ual statements can be collected to analyze debates in particular policy 
domains on a fine-grained level, in terms of individual actors and claims. 
In this article, we summarize a series of studies we have carried out. 
We apply NLP-driven (semi-)automatic analyses on these two channels 
and compare their potentials and challenges. The fine-grained analysis 
yields rich insights into the communication but comes at the cost of three 
challenges: (a) a substantial hunger for manual annotation, introducing 
practical hurdles for analysis both within and across languages; (b) diffi-
culties in claim classification arising from the uneven frequency distribu-
tion over the theory-based annotation schemas; (c) the need to map actor 
mentions onto canonical versions. Manifesto-based analysis avoids these 
challenges to a substantial extent when a more coarse-grained analysis of 
party positions is sufficient. We highlight the benefits and challenges of 
both approaches, and conclude by outlining perspectives for addressing 
the challenges in future research. 

Keywords: Claim identification · discourse network analysis · party 
positioning · argument mining 

1 Introduction 

Political decision-making in democracies is generally preceded by political 
debates taking place in parliamentary forums (committees, plenary debates), 
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different public spheres (e.g., newspapers, television, social media), and in the 
exposition of political ideologies in party manifestos [44,46]. In these debates, 
various actors voice their positions and beliefs, make claims and try to advance 
their agendas. Political scientists have therefore developed a range of methods 
to analyze these debates in the dual goal of understanding democratic decision-
making and identifying influential actors and important arguments driving the 
development of these debates. Two prominent ones are as follows: 

(a.) To obtain a maximally informative picture, we can identify the claims and 
actors involved in a given debate, combining political claims analysis [23] and  
network science, and represent them as discourse networks [26,27]. This per-
mits researchers to capture structural aspects of political debates, investigat-
ing and reconstructing debates in a fine-grained manner and understanding 
the reasons why some claims prevail and others fail. 

(b.) The more traditional approach in the political science tradition is to abstract 
away from the details of a given debate and assess positions and beliefs of 
political actors at the aggregate level of party positions, namely analyzing 
manifestos. This provides much less detail but focuses on the arguably most 
important group of political actors and their respective ideologies. Shifts in 
ideology allow understanding the change of opinions within a party and their 
electorate [3]. This approach also allows for direct access to actors’ opinions as 
in comparison with news that goes through a selection of actors and decisions 
when reported in the media outlets. 

In this article, we present an overview of the main contributions from a series 
of studies that aimed at assessing whether these two approaches can be con-
ducted more efficiently using methods from natural language processing (NLP). 
We start in Sect. 2 with the more complex approach (a), conceptualizing dis-
cursive exchanges as discourse networks. Our goal here is to assess how NLP 
can help to overcome the roadblocks that studies in this perspective are facing 
because of the time- and labor-intensive annotation required by detailed anal-
yses of political discourse. Then, in Sect. 3, we switch perspective to approach  
(b), adopting instead the goal of characterizing party positions at the global, 
ideological level. We demonstrate that this task does not require a full-fledged 
discourse network analysis, can do with very coarse-grained content categories, 
and that hardly any manual annotation is necessary. We highlight the benefits 
and challenges of both approaches, and conclude by outlining perspectives for 
addressing the challenges in future research. 

2 Fine-Grained Analysis of Political Discourse 

Our starting point for the first approach is political debates as they are repre-
sented in newspaper articles. In these articles, journalists report on claims and 
positions of all kinds of actors participating in public debates. We conceptual-
ize these discursive interactions as discourse networks [26] — (dynamic) bipartite 
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Fig. 1. Discourse Network Example 

Fig. 2. From newspaper articles to affiliation networks (adapted from [32]) 

graphs with two types of nodes, namely (a) actors (politicians, parties, organiza-
tions, but also groups of citizens such as protesters); and (b) fine-grained cate-
gories of claims (purposeful communicative acts in the public sphere by which an 
actor tries to influence a specific policy or political debate). Edges link actor nodes 
with the claim nodes that they communicate about and are tagged with a polar-
ity: actors can either support or oppose specific claims. Figure 1 shows an example 
where actors are ovals, claim categories are rectangles, and green and red edges 
denote support and opposition. Figure 2 presents a step-by-step guide to devel-
oping such a network based on newspaper articles: Given a document, we need 
to detect text spans that express claims and actors (Tasks 1 and 2), we need to 
map these text spans onto canonical actors (e.g., “Merkel”, “the chancellor”, “Mrs. 
Merkel” are mentions of the canonical actor Angela Merkel) and claim categories, 
respectively (Tasks 3 and 4), and finally we need to establish actor-claim dyads 
with correct polarities (Task 5) and construct the actual network (Task 6). Until 
recently, to construct these networks, one needed to meticulously perform these 
tasks by hand; which costs time and hence money. Therefore, we aim to use NLP 
to develop predictive models capable of automating this process. This results in a 
fairly complex computational setup which gives rise to three main challenges: 

(1) Annotation takes long and is costly. Traditional supervised learning 
demands a substantial number of annotated datapoints, but annotation of 
actors and claims calls for expert annotation. This leads to a ‘slow start’ sit-
uation: a sizable amount of manual annotation has to be carried out before 
computational modeling can proceed. Once models are in place, they can 
speed up future annotation, but this comes with its own set of challenges [18]. 
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In practice, this means that a combination of time, money, and expertise is 
necessary to reach that point which might not always be available. Further-
more, carrying out comparative studies requires annotation to be available 
for multiple languages, even if only for evaluation purposes. 

(2) Political claims are difficult to process on a fine-grained level. 
The codebooks developed by political science experts to describe the rele-
vant claim categories in societal debates need to be sufficiently fine-grained 
to permit the characterization of competing positions in terms of the dis-
course network. This consideration often leads to codebooks with anywhere 
between 50 and over 100 claim categories [4,17,22]. As usual for language 
data, a few categories are frequent, while the majority are rare. This further 
exacerbates the problem mentioned in point (1) when learning claim identi-
fications and claim classifiers (cf. Tasks 1 and 4 in Fig. 2): even a relatively 
large corpus will hardly provide enough examples of the infrequent categories 
for straightforward learning. 

(3) Actor mentions are difficult to aggregate. Most of the mentions of 
actors in any discourse do not use their canonical name (“Angela Merkel”), but 
instead short versions (“Mrs. Merkel”), roles (“the chancellor”), or even just 
personal or possessive pronouns (“she”, “her”, compare Fig. 1). The mapping of 
such mentions onto the right actor node in the discourse network is essentially 
equivalent, in the general, to coreference resolution which is known to be a 
hard task. While shortcuts exist for some instances, notably the use of entity 
linking [36] for actors which are represented in some database, there are many 
actors for which this is not the case – including politicians at the local or 
regional levels as well as ‘ad-hoc’ actors such as “several ministers”. 

In the following Sects. (2.1–2.4), we discuss a series of studies addressing tasks 
1–4 from Fig. 2 and responding to these challenges. As gold standard for our stud-
ies we use DEbateNet [4], which is a large corpus resource that we created for 
the analysis of the German domestic debate on migration in 2015. After domain 
experts from political science developed a codebook for the policy domain, roughly 
1000 newspaper articles from the German left-wing quality newspaper ‘taz - die 
tageszeigung’ with a total of over 550.000 tokens were annotated for actors, claims, 
and their relations, and finally used for computational modeling. 

2.1 Less Annotation Is More: Few-Shot Claim Classification 

As noted in Challenge 1, NLP models that (partially) automate claim detection 
and classification traditionally require relatively large manually annotated data 
sets for training or fine-tuning, since the required domain-specific semantic dis-
tinctions are hard to recover directly from plain text. Since for most political 
topics no annotated data exists, research projects usually needed to start with 
a substantial amount of classical qualitative text analysis. The situation has 
changed substantially in the last two years, with the advent of large language 
models and their capacity for transfer learning and few-shot learning [5], that is, 
the ability to learn new tasks ad hoc, from very small numbers of examples. 
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To assess the potential of few-shot learning, we have carried out a study 
to assess whether we are able to replicate the manual annotation in one policy 
domain – the debate about the exit from nuclear energy in Germany in the 
year 2013 [19] – based on our models trained on migration debates and with a 
minimal amount of additional training data [17]. We thus try to process claims 
on the exit from nuclear energy use like “The Greens want to introduce a bill in 
the Bundestag for the immediate and final decommissioning of Germany’s seven 
oldest nuclear power plants” with a model trained on claims from the migration 
debate like “The basic right to asylum for politically persecuted persons knows 
no upper limit, Merkel also announced in an interview”. In this overview, we 
focus on the tasks of claim identification and claim classification (cf. Figure 2). 

We work with a corpus of articles sampled with a keyword-based approach 
which still contains about as many relevant as irrelevant articles. Claims are 
identified by a binary sentence classifier. We start by calculating sentence embed-
dings using a sentence-BERT model (paraphrase-multilingual-mpnet-base-v2; 
[35]). We then use the manually annotated DEbateNet dataset (cf. Section 2) 
to train a multi-layer perceptron as claim identifier. Even though trained on 
data from a completely different topic area, our classifier obtains an F1 score of 
0.78 on nuclear energy claims (precision: 0.77, recall: 0.79). This is remarkable, 
especially considering the large number of irrelevant articles in the corpus. 

For claim classification, the model requires some information about the rele-
vant claim categories. In our case, we use the category labels (i.e., names) from 
the codebook that was used to annotate the claims in the original study as 
minimal input for a few-shot learning approach. Again, each sentence is embed-
ded with an SBERT model (using the same model as for claim identification). 
Analogously, the category labels from the codebook are encoded by SBERT. We 
then compute cosine similarity between all claim candidates and all category 
labels. Manually checking the top-ranked sentences for each label leads to seed 
sentences for each category. In the next step, we classify each claim candidate 
by assigning it to the category of the most similar seed sentence. To control the 
precision of claim classification, we introduce a threshold for similarity scores: 
Claim candidates with higher similarity scores are retained, while those below it 
are filtered out as potentially irrelevant. 

When we evaluate whether the model correctly predicts categories for indi-
vidual claims by computing F1 scores for each category, the model reaches F1 
scores ranging from 0.23 to 0.45 for the more frequent claim categories (n > 
20). Results for infrequent categories are unreliable. When evaluating whether 
the model correctly predicts the claims in the eight n-core networks of the orig-
inal study, the results are better, with F1 scores between 0.29 and 0.69. In both 
cases, the variation of F1 scores across categories shows that especially infre-
quent categories pose a major challenge to our few-shot approach of generating 
discourse networks. In the next section, we therefore discuss options to increase 
the precision of predicting infrequent claim categories. 
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Fig. 3. Codebook excerpt: Supercategory residency 

Table 1. Claim classification: Precision, Recall, F-Scores on DebateNet newspaper 
corpus. Simplified from [13]. 

Freq band Base HLE CRR HLE+CRR 
P R F1 P R F1 P R F1 P R F1 

Overall 61.2 41.9 47.0 75.2 52.2 59.0 70.4 49.0 55.2 76.5 54.3 60.8 

Low 10.2 9.7 9.6 58.3 30.6 37.4 31.2 16.1 18.7 54.8 29.0 35.8 
Mid 58.0 36.0 41.8 77.4 55.3 62.2 75.8 49.1 55.8 85.1 58.8 66.2 
High 73.1 50.8 56.7 77.8 55.6 62.3 76.4 55.9 62.6 77.7 57.9 64.0 

2.2 Improving Claim Classification with Hierarchical Information 

As Challenge 2 formulated above, the many infrequent claim categories are very 
difficult to recognize accurately. We now describe a study on how to combat this 
challenge [13]. We start from the observation that political science codebooks 
are typically structured hierarchically into (at least) two levels, with an upper 
level that corresponds to broad political supercategories and a lower level that 
defines specific policies (claim categories). Figure 3 shows an example of the 
supercategory of residency, which is split up into about a dozen specific claim 
categories. When we have insufficient amounts of training data available, we can 
use this information to formulate a prior for the claim category embeddings that 
are learnt by our model’s classifier: in the embedding space, claim categories 
should be located closer to other categories within the same supercategory than 
to claim categories of other supercategories. This leads us into the general area 
of hierarchy-aware classification methods. 

While we evaluated various methods [13], we focus here on two approaches. 
The first one is hierarchical label encoding (HLE) [37] which decomposes the 
parameters for the specific claim categories into a (shared) supercategory part 
and a category-specific part, and a regularization approach which we call Class 
Representation Regularization (CRR) and which encourages the model to min-
imize the distances among the representations for each specific claim category 
within the same supercategory. For an experiment, we set up a base classifier 
based on BERT and combined it with HLE and CRR, training and testing on 
the DEbateNet gold standard (Sect. 2). The results in Table 1 shows that both 
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Table 2. Cross-lingual modeling: F1 scores for Claim class for claim identification 
(Id), macro average for claim classification (Class) on two datasets: DebateNet and 
Guardian. Simplified from [45]. 

Model Train Test DebateNet 
Id F1 Class F1 

Guardian 
Id F1 Class F1 

Baseline (mono) de de 56.2 70.5 – – 
Translate-test de de (via en) 55.8 69.5 20.6 53.4 
Translate-train en en 57.3 67.8 25.5 51.0 
Multilingual de en 45.8 50.3 20.0 39.0 

strategies, HLE and CRR, lead to a clear improvement in overall micro-F1 score 
over the base classifier (F1=47.0) to F1 scores of 59.0 and 55.2, respectively. A 
combination of the two leads to a further improvement to F1=60.8. The improve-
ment is most striking for the low frequency band (corresponding to the lowest 
frequency tercile), improving from F1=9.6 to F1=35.8. The developments for 
the two other frequency terciles are less dramatic, but still substantial (mid: 
41.8 → 66.2, high: 56.7 → 64.0). A second study shows similar, albeit smaller, 
effects for claim classification on party manifestos with categories from MAR-
POR, a domain-independent claim classification schema [41] discussed in more 
detail below in Sect. 3.1. This bolsters the interpretation that our improvements 
are not tied to the specific codebook we used. We conclude that there is con-
siderable space to improve the prediction quality for infrequent claim categories 
with dedicated methods. 

2.3 Multilingual Claim Processing 

When we move to another language while staying in the same policy domain 
– for example, for the purpose of comparative analyses across countries – we 
find ourselves faced with a specific case of Challenges 1 and 2: Do we have to 
start over with creating manual annotations? For argument mining, for which 
the identification of claims is a core task, the potential of machine translation 
for cross-lingual projection has already been established [16]. 

We report on a pilot study in claim identification and classification in other 
languages [45], machine-translating the German DEbateNet articles into English 
and French (this overview focuses on English). We compared three strategies: (a) 
backtranslating the foreign-language texts into German and analyzing them with 
a monolingual German BERT-based claim identifier and classifiers (‘translate-
test’); (b) building monolingual BERT-based foreign-language models from the 
translated DebateNet and using them to analyze the data in the respective lan-
guages (‘translate-train’); (c) training multilingual models based on multilingual 
BERT on the original German data and then applying it to translated data 
(‘multilingual’). 

The ‘DebateNet’ column of Table 2 shows that dealing with multilingual 
claims with machine translation works well: results are almost identical to the 
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Table 3. Actor mentions and their canonicalizations in newswire article (https:// 
shorturl.at/WZ159) 

Local mention of actor Canonical version 
1 President Joe Biden pleaded with Republicans . . . Joe Biden 
2 Biden signaled a willingness to make significant changes . . . Joe Biden 
3 “We can’t let Putin win”, he said Joe Biden 

monolingual setup. In contrast, using multilingual embeddings incurs a substan-
tial performance penalty. This is in line with previous analyses arguing that mul-
tilingual embeddings attempt to solve a harder, more open-ended task than MT 
systems do [2,34]. Also, claim identification in the multilingual embedding setup 
drops only ≈10 points F1 compared to the baseline, while claim classification 
drops 20 points F1 – the limiting factor seems to be the embeddings’ (in-)ability 
to account for fine-grained topic distinctions consistently across languages. 

This looks like machine translation is, indeed, sufficient to transfer political 
claims analysis across languages. However, the question is whether machine-
translated text is a reasonable proxy for original text in a language. To test for 
this effect, we annotated a small sample of English reporting from the Guardian 
on the German migration debate. The results in the ‘Guardian’ column of Table 2 
are much lower than those for the machine translated text. Again, we see an 
advantage for the MT-based approaches over multilingual embeddings, but less 
clearly. Particularly striking is the drop for claim identification with the MT 
approach from 56%-57% to 20-26% F1. Indeed, a British newspaper is likely 
to report on German domestic affairs differently from a German newspaper, 
which leads to differences in claim form and substance: They tend to focus 
on the internationally most visible actors and report claims on a more coarse-
grained level. Beyond the linguistic differences that NLP has so far focused on, 
therefore, working with newspaper reports from different countries necessitates 
bridging the cultural differences in framing [42], which may require some amount 
of manual labeling, or at least few-shot learning (cf. Section 2.1) after all. 

2.4 Robust Actor Detection and Mapping 

As outlined above, a central but difficult part of discourse network analysis is 
detecting actors for claims and mapping their textual mentions onto canonical 
forms (Tasks 2 and 3 in Fig. 2 and Table 3). We now describe a study comparing 
the two currently dominating approaches for this task [1]: (1) a pipeline of tradi-
tional NLP models, and (2) an end-to-end approach based on prompting a large 
language model (LLM). Once more, DebateNet, which provides a canonicalized 
representation for each actor, serves as dataset. 

The pipeline approach comprises two steps. First, a CRF-based model iden-
tifies actor mention spans from the text, given the article with a marked claim as 
input. Since each claim has (at least) one actor, we constrain our CRF to always 

https://shorturl.at/WZ159
https://shorturl.at/WZ159
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Table 4. Prompt template instruction paraphrases used for robustness check for zero-
and few-shot setting. 

# Instruction templates 
1 “Extract only the entity that made the claim in the article. The claim is 

surrounded with <claim> and <\claim> tags. Output only the entity 
without any additional explanation. Article: [ARTICLE]” 

2 “Extract and standardize only the entity that made the marked claim in 
the article. The claim is surrounded with <claim> and <\claim> tags. 
Output only the standardized entity without any additional explanation. 
Article: [ARTICLE]” 

3 “Retrieve the party or parties responsible for the statement in the given 
article, contained within <claim> and <\claim> tags. Output only the 
entity without further elaboration. Article: [ARTICLE]” 

4 “Identify and output the entity or entities that made the claim within the 
specifed article, enclosed by <claim> and <\claim> tags. Do not 
include any supplementary information. Article: [ARTICLE]” 

predict at least one actor mention per claim [33]. The second step of our pipeline 
canonicalizes these actors mentions through classification. We define the classes 
of this classifier to be (the string representations of) all canonicalized actors 
which appear at least twice in the training set (229, in our case), complemented 
by a special class ‘keep-as-is’ which covers all remaining actors mentions and 
which – true to its name – does not change the input. This heuristic approach 
works since infrequent actors are typically expressed by a linguistic expression 
that can serve well as a canonicalized version (either a full name, or a definition 
description such as ‘the government secretaries’). The input to the classifier is 
the mention text and its article context. For both steps of our pipeline, we use a 
pre-trained XLM model [11] as an encoder, which we fine-tune during training. 

In the LLM approach, we build on the pre-trained LLama 2 language model 
[40], directly predicting canonicalized actor strings as a text generation task, 
conditioned on a prompt containing the target claim. We compare zero- and few-
shot prompting settings for base- and instruction-tuned model variants. For both 
settings, we construct the prompt following the current best practices [24,28,29]. 
The few-shot approach involves in-context learning, where the prompt contains a 
number of claim-actor pairs from the training set chosen by the cosine similarity 
score obtained from SBERT embeddings [35]. In our zero-shot approach, we 
do not include any claim-actor pairs in our prompt. Instead, we prompt our 
model with a short English-language description of the task. We experiment with 
various automatically constructed prompt paraphrases using ChatGPT shown 
in Table 4. 

We evaluate our models via F1-score. To better comprehend the strengths 
and weaknesses of both models, we use three evaluation settings. In our strictest 
exact-match setting, predictions are considered correct only if they exactly match 
the gold-standard actor string. Correct-up-to-formatting setting is more lenient 
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Table 5. Results for the LLM, traditional pipeline and hybrid models in the different 
evaluation settings. 

Evaluation Pr Re F1 

LLM exact match 
up to formatting 
up to canonic. 

42.66 
43.56 
62.39 

43.46 
44.39 
63.55 

43.06 
43.98 
62.96 

dedicated 
pipeline 

exact match 
up to formatting 
up to canonic. 

48.66 
48.66 
54.79 

59.35 
59.35 
66.82 

53.47 
53.47 
60.21 

hybrid 
approach 

exact match 
up to formatting 
up to canonic 

54.33 
54.33 
64.96 

64.49 
64.48 
79.39 

58.97 
58.97 
70.21 

by ignoring formatting differences (e.g. whitespaces, capitalization, punctuation) 
in the predictions. Lastly, in our correct-up-to-canonicalization setting, predic-
tions are considered correct if they identify the correct entity, allowing variations 
in referring expressions For instance, both “the chancellor” and “Merkel” would 
be counted as correct predictions for the gold-standard actor “Angela Merkel”. 

Table 5 summarizes the results. While, under the strict exact-match setting, 
our traditional pipeline outperforms the LLM-based model, the LLM outper-
forms the pipeline when only evaluating up to canonicalization. This implies 
that the LLM is actually better than the pipeline at identifying the correct 
political actor, but struggles to canonicalize these actors consistently. 

Motivated by this observation, we introduce a hybrid model that is struc-
turally similar to our traditional pipeline model but includes the LLM prediction 
as an additional input. In this way, the pipeline can learn to delegate to the LLM 
when deciding which actor made the claim, and only has to properly canonicalize 
the LLM’s prediction. Table 5 shows the hybrid model’s performance under the 
same three evaluation settings. We find a substantial increase in performance 
across all settings. This suggests that our hybrid approach is able to leverage 
additional synergies between our two model architectures, improving upon the 
constituent models’ abilities to both identify and canonicalize actors for claims. 

3 Coarse-Grained Analysis of Political Discourse 

We now proceed to the second approach, the analysis of manifestos to charac-
terize parties. Party competition is a crucial mechanism in democracies. It cre-
ates an arena where a plurality of political viewpoints are given voice, enabling 
individuals to select one that aligns with their own beliefs. Analyzing this phe-
nomenon is fundamental to understanding voters’ choices during elections as 
well as the decisions taken by governing parties [3]. Researchers analyse party 
competition by, for example, placing them in a low-dimensional political space: 
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a one-dimensional left-right or libertarian-authoritarian, or conservative-liberal 
scale, or in a two-dimensional space formed by combining these scales [20]. 

We investigate the extent to which the positioning of parties can be captured 
through their manifestos – the electoral programs in which parties articulate 
their perspectives, plans, and objectives. Manifestos are crafted with the double 
intention of conveying information and persuading potential voters [8]. 

Political researchers analyze party manifestos to explore aspects such as level 
of similarity among parties concerning different policies [8], party alliances [15], 
and the alignment between voters’ decisions with their worldviews [30]. By offer-
ing direct access to the parties’ viewpoints, they serve as a robust foundation for 
comprehending the parties’ ideologies regarding different policies. In contrast to 
the newspaper-based approach, manifesto-based analysis does not provide spe-
cific information about what types of decisions were made or articulated. On the 
other hand, it is arguably the most direct way of accessing the ideologies shared 
by members of the same party. It also avoids the filtering of information (via 
actors and their claims) through the lens of media. 

3.1 Ideological Characterization 

Traditionally, political science has approached the task of identifying party posi-
tioning by manually assigning a label to each sentence of a given manifesto. The 
Manifesto Project (MARPOR, [6]) is a well-known example that follows this 
method. Its annotations follow a codebook that classifies each sentence into a 
broader policy domain such as ‘external relations’ or ‘freedom and democracy’ 
as well as assigning a fine-grained label related to a specific category of the policy 
domain, such as ‘freedom and human rights’. The category sometimes also encodes 
the stance, e.g., ‘Constitutionalism: Positive or Negative’. These labels are then 
analyzed in terms of saliency, assuming that the most frequently mentioned poli-
cies are the most important ones for a party. A simplified version of saliency-based 
analysis is the RILE index, which is a coarse-grained measure that defines lists of 
‘left’ and ‘right’ policies and simply calculates parties’ position on the left-right 
scale as the relative mention frequency of left vs. right policies [7]. 

Manual annotations come with a substantial cost and must be carried out 
for each country and election. We ask whether we can alleviate this burden 
with unsupervised methods drawn from recent advancements in NLP. In [9], we 
empirically investigate the following questions with manifestos from Germany: 
1) How to create embeddings for parties from their manifestos that yield robust 
between-party similarities estimates? 2) What aspects of document structure 
can be exploit for this purpose? 3) How well can these embeddings be computed 
in a completely unsupervised fashion? 

We carry out experiments with six sentence embedding models, all of which 
estimate party positions on the basis of sentence similarity. These models range 
from a classic distributional model (fasttext) to transformers [35], applying 
whitening to ameliorate anisotropy [39] and comparing vanilla and fine-tuned 
versions. The results are shown in Table 6. Since we hypothesize that using only 
sentences expressing claims (cf. Section 2) might be more informative of the 
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Table 6. Correlation between our unsupervised scaling method and the ground truth 
(Wahl-o-Mat). Adapted from [9]. 

Only claims Entire manifestos 
Embeddings Domain No domain Domain No domain 
fasttextavg *0.54 0.35 *0.44 0.41 
BERTgerman 0.37 *0.47 0.36 *0.48 
RoBERTaxml 0.39 *0.51 *0.46 *0.54 
SBERTvanilla *0.57 *0.50 *0.53 *0.57 
SBERTdomain *0.44 *0.45 0.41 *0.52 
SBERTparty *0.53 *0.70 *0.50 *0.69 

positioning of the parties, we introduce an experimental condition which consid-
ers only automatically identified claims (‘only claims’). Finally, we test whether 
computing sentence similarity within each MARPOR domain improves results 
(‘Domain’). See [9] for details. 

We evaluate our unsupervised scaling method against similarities according 
to parties’ answers to the German Wahl-o-Mat questionnaire, a voting advice 
application (VAA) [43], generally considered a reliable estimation of party dis-
tances. Table 6 shows the results. The correlations are similar between the setup 
with only claims and entire manifestos, suggesting that claims are not much 
more informative than all sentences, at least when they are automatically rec-
ognized. The best model overall is based on fine-tuned SBERTparty embeddings 
(which was fine-tuned to make statements by the same party more similar to one 
another) and computes similarities on an overall level instead of separately for 
each domain (column ‘No domain’). The lack of benefit from domain information 
might be surprising. One possible explanation is that voters prioritize different 
domains and do not simply ‘average’ across them [21]. 

We believe that these results hold promise for computational political science: 
leveraging document structure could potentially reduce the need for domain 
experts to annotate extensive amount of data. Our study has clear limitations, 
though: first, our experimentation was limited to a single language and dataset. 
In a follow-up study [31], we have established that classifiers based on state-of-
the-art multilingual representations perform robustly in this task across countries 
and over time. Secondly, we have only considered a few document structure-based 
cues for fine-tuning. The range of available cues however is enormous and more 
research is needed in order to better understand the strengths and limitations 
of sentence embeddings. 

3.2 Policy-Domain Characterization 

The study from the previous subsection primarily considered the aggregated level 
of overall party positions [12,38]. Political scientists are, however, often interested 
in specific policy domains. We therefore ask, in [10], how well we can extend the 
approach presented above to the level of individual policy domains. 
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Fig. 4. Automatic prediction of German party positioning within policy domains 
(right-hand numbers: correlation with RILE scale). 

Our approach computes distances between parties at the policy domain level 
by first training a policy-domain labeller which classifies the sentences of unanno-
tated documents and then computing pairwise distances among sentences of the 
same policy domains across parties. We interpret the first principal component 
of the aggregated similarity matrix as a policy domain-specific scale. 

Our experiments reveal that while the top-performing policy-domain 
labeller’s accuracy is moderate (64.5%), the correlation between the predicted 
sentences and the ground truth – the RILE index (mentioned in 3.1) – remains 
remarkably high (r=0.79) in comparison with the annotated scenario (r=0.87). 
Figure 4 shows the positioning of parties per policy domain. In line with estab-
lished observations about the German political landscape, a majority of policy 
domains exhibit a strong correlation to the RILE index, indicating a consis-
tent adherence to the left-right scale. Where this is not the case (EU, market, 
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government), a cluster of ‘established’ parties is clearly separated from the pop-
ulist AfD. When evaluating the predicted setups against manual annotation, we 
find that the higher the accuracy of the policy-domain labeller within a class, the 
higher the correlation with the annotated results (Pearson r=0.59, p=0.03). This 
suggests that the accuracy of the labeller can be used as an indicator of which 
policy domains to reliably include in the analysis of unannotated manifestos. 

This study verifies again that our methods perform well at an aggregated 
level of information by correlating highly with the RILE index. Moreover, our 
proposed workflow supplements the previous studies of party positioning with 
further detailed analysis within the sphere of policy domains. The predictions we 
obtain align closely with expert assessments, indicating that our workflow pro-
vides a reliable method to automatically compute the similarity between parties 
across some policy domains. 

4 Conclusions 

This paper considered the challenges of applying NLP methods for a text-based 
analysis of political debates. We compared two approaches: the first one aims 
at a fine-grained representation, taking individual statements (claims) and the 
political actors who made them as its building blocks, with the final goal of 
extracting discourse network representations from raw texts; the second one 
targets a coarse-grained representation of the debates at hand, with parties as 
the actors and their positions expressed in manifestos as its building blocks, with 
the final goal identifying global ideological positions, across languages and time. 

As regards the fine-grained approach, our experiments and analyses show 
that current transformer-based language models have the potential to funda-
mentally change the way social scientists can use large text corpora to analyze 
political discourse. Whereas so far fine-grained analyses of political discourse 
have mostly been limited to short time spans, single countries or had to employ 
far-reaching sampling strategies to reduce the amount of texts to be processed. 
Following the pipeline from Fig. 1 we now know that claim identification (Task 
1) needs to be preceded by a preparatory task to discard irrelevant documents, 
but after that, detection models work very well even on topics outside the origi-
nal training data. Actor detection and mapping (Tasks 2 and 3) can be handled 
with reasonable success using traditional NLP methods such as entity extractors 
and classifiers respectively, but we also saw promising first results in using large 
language models to perform these two tasks jointly. However, owing to the inher-
ent challenge in controlling the output generation of LLMs, the most effective 
strategy combines their capability to identify the correct actor and subsequently 
perform the canonicalization step within the traditional pipeline. For claim clas-
sification (Task 4), few-shot models show high potential, but they need human 
curation and re-calibration especially for infrequent claim categories. 

While unable to fully automate annotation, current NLP tools go beyond 
just speeding up manual annotation processes. Topic agnostic claim detection 
models, few-shot learning, accounting for category hierarchies and models for 
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actor mapping have the potential to restructure qualitative social sciences text 
analysis workflows. Instead of starting from zero with a small set of completely 
manually annotated texts, the current tools allow researchers to immediately 
focus on relevant text sections and potential claim sentences. With this a tradi-
tionally sequential annotation process can be replaced by a parallel and focused 
approach in which human interaction is mainly focusing on curation tasks. 

When we turn to the coarse-grained approach, which aims at identifying the 
positioning of political parties based on manifestos, the verdict is even more 
optimistic. It shows performances similar to human annotators when identifying 
the positioning of parties in the well-established left-right scale (RILE index) or 
regarding their similarities according to Wahl-o-Mat. These results carry over, 
to an extent, to the level of individual policy domains – results for the anno-
tated policy-domains correspond well to human expert judgements – but the 
task becomes considerably more difficult for the models. There is a clear need 
for further research on assessing the limits of the coarse-grained approach, and 
specifically on improving the performance of the classifier across policy-domains. 

Thus, both approaches have advantages and disadvantages. The fine-grained 
discourse network analysis offers greater insights into what is being articulated 
in the public sphere and identifies the key political actors influencing or engaging 
in those discussions. However, even though we have shown that the annotation 
load can be alleviated with NLP tools, the task still requires extensive labelling, 
and it is very domain focused – i.e., each domain demands a new codebook and 
round of annotations. Besides that, the generalizations derived from the networks 
are dependent on what is reported by the media, where the focused claims and 
actors are selected by the news outlets. The coarse-grained approach based on 
manifestos, on the other hand, gives direct access to parties’ policies and higher-
level ideological positioning, reaching high quality with little to no annotations. 
That being said, the coarse-grained approach cannot provide detailed informa-
tion about individual actors or claims in the political discourse, instead focusing 
on the relation among parties either at a policy-domain or at an ideological level. 

Ultimately, we contend that the two approaches complement each other by 
offering distinct perspectives onto the political process: One illuminates the pre-
cise agreements and disagreements among actors, whereas the other offers an 
overview of party relatedness at a level of ideology or policy domains. Both offer 
insights and challenges that can be traded off according to the type of data, 
resources and analysis requirements at hand. 

Limitations. The studies we presented in this paper were carried out primarily 
on newspaper text and party manifestos. While these are arguably two important 
text types for political discourse, they are by far not the only ones. Future work 
is necessary to determine the extent to which our findings carry over to other 
text types, notably oral modes such as (parliamentary) debates or intermediate 
modes such as social media communication. Similarly, the bulk of our work was 
concerned with German language texts. On the methodological perspective, it 
could take advantage of the relatively good NLP resource situation for German, 
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leaving open the question of how to deal with similar situations in lower-resource 
languages. Our pilot studies [31,45] indicate that Machine Translation into a 
higher-resource language such as English appears a simple but effective solution 
for almost all languages at this point. At the data level instead, the annotations 
of German manifestos are recognized for their high quality due to the evaluation 
of inter-annotator agreement [25] – which may not be the case with manifestos 
from other countries. A crucial aspect to keep in mind are bias issues which 
could affect the models and thus result in unfair representations of the political 
discourse, i.g., overlooking actors from specific groups and/or their claims. While 
in [14] we have addressed frequency bias for claim detection (higher accuracy for 
claims by high frequency actors) a broader spectrum of unfairness sources is yet 
to be explored, in particular in the light of the use of LLMs. 
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