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Abstract. Despite the seismic changes brought about by the web and social me-
dia, mainstream news sources still play a crucial role in democratic societies. In 
particular, a healthy democracy requires a balanced and diverse media landscape, 
able to provide an arena in which the various topics and viewpoints relevant to 
the political discourse of the day are presented and discussed. Unfortunately, 
there is currently little effective computational support available to the various 
classes of users, who are interested in monitoring the topic and viewpoint dynam-
ics in the news — e.g., for regulatory or research purposes. As a result, current 
analyses by researchers and practitioners tend to be small scale and, by and large, 
rely on manual investigations of topic and viewpoint coverage. To address this 
issue, we have developed a hybrid human-machine approach, which uses a Large 
Language Model (LLM) first to help analysts to identify the range of viewpoints 
relevant to the debate around a given topic, and then to classify the claims ex-
pressed in the news corpus of interest with respect to the identified viewpoints. 
We tested a variety of LLMs on a benchmark corpus of news items drawn from 
British media sources. Our results indicate that GPT4o outperforms the other al-
ternatives and can already provide effective support for this classification task, 
even when run in a zero-shot learning modality. 

Keywords: News Analytics, News Classification, Large Language Models, 
Viewpoints. 

1 Introduction 

Despite the seismic changes brought about by the web and social media, mainstream 
news sources still play a crucial role in democratic societies, informing the public about 
the important issues of the day and providing a platform for democratic debate. In this 
context, assuming an appropriate regulatory regime is in place to guarantee a diverse 
media ownership, the acid test for a democratic media landscape is related to viewpoint 
diversity [1], namely the extent by which media sources provide citizens with a robust 
range of alternative interpretations on a given topic. Here we use the term ‘topic’ to 
refer to a particular issue being discussed in the media — e.g., “the appropriate level of 
income tax in the UK”, while a viewpoint refers to a position relevant to this issue — 
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e.g., a position advocating a low taxation regime. In particular, as explained later in the 
paper, the concept of ‘viewpoint’ does not indicate an individual statement reported in 
the news but defines a category that groups together all statements that subscribe to a 
common position — e.g., all the statements in favour of a low taxation regime. 

Assessing viewpoint diversity accurately requires effective content analysis methods 
and tools, which constitutes a major challenge, given i) the sheer scale of news and 
information in the contemporary online environment1 — an information overload that 
facilitates disinformation [2], and ii) the limited take-up of automated content analysis 
solutions in media research and related fields [3]. Arguably, this limited take-up reflects 
a disconnect between the needs of media scholars and the state of the art in computa-
tional techniques for news media analysis [4]. As a result, current studies by both re-
searchers and practitioners — e.g., see [5] — tend to be small scale and, by and large, 
rely on a manual analysis of topic and viewpoint coverage. 

To address this issue, we have developed a hybrid human-machine approach, which 
relies on a Large Language Model (LLM) to help analysts to identify the various view-
points relevant to the debate around a given topic, and then classifies the claims ex-
pressed in a news corpus of interest with respect to the identified categories. For in-
stance, if we take immigration as our topic of interest, through an analysis of a corpus 
of news items we can identify a number of relevant viewpoints, covering different per-
spectives on the debate. These may include the view of immigration as beneficial to the 
economy, the characterization of immigrants as a threat to a nation’s culture and social 
fabric, a humanitarian perspective on refugees as vulnerable people, and several others. 
Once these viewpoints have been identified, we can then use a LLM to classify state-
ments expressed in the media by political and other actors with respect to these view-
points, thus generating a multi-dimensional representation of the debate on the immi-
gration topic over time. Here, we use the term ‘claim’ to refer to a statement about a 
topic, which has been expressed by an actor and reported in a news item. Our approach 
has been evaluated on a corpus of news items drawn from British media sources, show-
ing promising results. In particular, as discussed in Section 3, our evaluation shows that 
GPT4o outperforms the other alternatives and can provide good support for this classi-
fication task, even when run in a zero-shot learning modality. 

The rest of the paper is structured as follows. In the next section we discuss the 
notion of viewpoint and provide a brief overview of computational approaches to view-
point extraction. In Section 3 we present our approach, illustrating our methodology in 
a concrete scenario, where we model the viewpoint dynamics associated with the UK’s 
immigration debate, as discussed in mainstream news media over a three month period. 
In Section 4 we briefly discuss the application-level perspective on this work, providing 
an example of the kind of user-centric visualizations that we can generate to provide 
insights to media scholars and practitioners. Finally, in Section 5 we reflect on the key 
results presented in this paper and discuss the outstanding issues that will be the focus 
of future research. 

 
1  Even if we restrict our analysis to UK’s mainstream news outlets, we already ought to consider 

thousands of news items being published on a daily basis – see https://tinyurl.com/ycxwprjm.   
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2 Viewpoints in the media and computer science literature 

2.1 Viewpoints as collections of coherent claims 
The notions of viewpoint and viewpoint diversity in media sciences are discussed by 
Baden and Springer [1], who emphasise that differences in the ways arguments are 
framed [6] do not necessarily indicate different viewpoints. In particular, they point out 
that a specific position on an issue can be articulated through different framing devices 
— e.g., by presenting it in abstract terms through a thematic frame or alternatively by 
illustrating concrete examples, therefore making use of an episodic frame. According 
to Baden and Springer, in order to be distinct, viewpoints need instead to “construct 
different meaning in a consequential sense” — i.e., they need to open up perspectives 
that are semantically diverse. An important consequence of this approach is that view-
points are therefore not atomic concepts but are instead constructed out of a number of 
individual positions expressed in the media. While these positions may be articulated 
using different terms and framing devices, they can be grouped around “commensura-
ble interpretations” [1] — i.e., they subscribe to the same viewpoint. Building on these 
ideas, in a previous paper [7] we formalised the notion of viewpoint as a coherent col-
lection of claims — i.e., one that only includes claims that satisfy the membership cri-
terion associated with the viewpoint in question. In turn, a claim is defined in our model 
as a statement reported in a news item, which is associated to an agent and concerns a 
topic. This formalization has been realised in a formal OWL model, the News Classi-
fication Ontology (NCO), which can be found at http://data.open.ac.uk/ontology/news-
classification. 

An example of instantiating the notion of viewpoint as a device for bringing together 
commensurable claims can be found in [5], where the authors analyse the immigration 
debate in mainstream media and identify four different viewpoints (“Negative”, “Ad-
ministrative burden”, “Positive”, “Victimization”), which abstract from the variety of 
individual positions about immigration that are reported in the news. 

2.2 Computational approaches to viewpoint extraction 
The survey by Doan and Gulla [8] reviews the state of the art concerning automated 
approaches to identifying political viewpoints and concludes that it “falls somewhat 
short of our goal with automatic political viewpoint identification”. In their survey, 
Doan and Gulla adopt a definition of political viewpoint that is broadly consistent with 
the one used in this paper. Essentially, they emphasise that, for a given topic, T, it is 
possible to identify a set of viewpoints, {p1, ….pn}, which summarise the contrastive 
positions that can be expressed about T2. The task of a system for political viewpoint 
identification is then to classify a piece of text (what we refer to as a claim in our ter-
minology) in terms of the given set of viewpoints. 

The approach by Trabelsi and Zaïane [9] proposes a generative Topic-Viewpoint 
model, which uses unigrams to characterise probabilistically the vocabulary that is used 

 
2  Actually, the definition given in [8] does not explicitly includes the notion of topic, however 

we assume that this is simply an oversight, given that the notion of topic is informally discussed 
elsewhere in the paper and implicitly assumed throughout this work.  
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by an author expressing a particular viewpoint about a topic. A particular strength of 
this approach is that it is unsupervised and is generic with respect to specific topics or 
viewpoints. However, from the examples shown in the paper, it appears that the ap-
proach is limited to a binary classification, in favour or against a particular position 
related to a topic. This limits the approach’s flexibility, in particular its ability to iden-
tify the variety of viewpoints relevant to the debate about a topic and then to classify 
relevant statements in terms of these various viewpoints. Another key aspect of this 
approach is that it takes advantage of interactions between different post creators on 
social media to identify contrastive opinions. While this is of course an interesting and 
clever heuristic in the context of social media, it also means that this approach is not 
directly applicable to our news scenario. 

The work by Quraishi et al. [10] also focuses on debates in social media to identify 
contrastive viewpoints on a topic. Like Trabelsi and Zaïane, they take advantage of 
interactions in social media to identify different communities that in turn can be asso-
ciated with different viewpoints. This work uses a graph partitioning method and im-
proves on the approach by Trabelsi and Zaïane because it is able to discover several 
viewpoints associated with a topic. They also focus on explaining the discovered view-
points by means of Iterative Rank Difference, a technique that identifies the descriptive 
keywords associated with a viewpoint. However, judging from the examples shown in 
the paper, the resulting descriptions appear to be both opaque and rather noisy. Moreo-
ver, in contrast with the aim of our work, there is no attempt here to try and provide a 
comprehensive account of the debate around a topic by identifying all the relevant 
viewpoints and using the resulting classification to structure all relevant claims.  

The paper by Hada et al. [11] focuses instead on measuring the viewpoint diversity 
which emerges from interactions on X (formerly known as Twitter). In particular, they 
use the Fragmentation metric [12], which aims to measure the degree of exposure to 
alternative viewpoints for each user. Their analysis of conversations about the immi-
gration topic shows that nearly 70% of users have a very low Fragmentation score, 
indicating virtually no exposure to alternative viewpoints. However, in contrast with 
our work, there is no attempt in this paper to model the various relevant viewpoints and 
the focus is purely on measuring diversity. In addition, as is the case with research on 
stance detection [13], the various positions around a topic are clustered around two 
broad categories, in favour or against a particular position, in contrast with the more 
fine-grained differentiation proposed in this paper. 

Finally, Chen et al. [14] test different solutions on a variety of tasks concerned with 
extracting and classifying perspectives. A combination of Information Retrieval and a 
BERT model obtains a 50.8% F1 measure in perspective extraction, while BERT alone 
obtains a 63.7% F1 measure on the task of clustering equivalent perspectives — in our 
terminology, positions that belong to same viewpoint. This work is relevant to our re-
search, as it focuses on both identifying and grouping together individual positions 
about a topic. However, they extract their data from debating websites, such as ide-
bate.com, which naturally provide more structure to the debate than what is available 
from the broader news domain, which is instead the focus of our research. In addition, 
in contrast with our methodology, there is no attempt at classifying individual claims 
with respect to the set of identified viewpoints. Instead, the authors focus on classifying 
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the stance of each perspective, which relies on a rather reductive assumption that any 
perspective on a topic can be classified in terms of binary support/oppose stance, which 
is not necessarily the case in the context of analysing complex issues3.  

3 Approach 

3.1 Generating a corpus of news items covering the UK immigration debate 
As already pointed out, our goal is to develop an approach that can identify the range 
of viewpoints relevant to a topic and then automatically classify all the claims in a news 
corpus with respect to the identified viewpoints. The starting point for our experiments 
was a news corpus comprising 603 news items, published between 1 June and 31 Au-
gust 2023. The corpus was generated by accessing the Aylien news service 
(www.aylien.com), which provides an API to access information from about 80,000 
news sources from around the world. In particular, we retrieved news items that had 
already been tagged with the keyword ‘immigration’ by the Aylien service and/or con-
tained such a keyword (or related ones, such as ‘immigrants’) in the title or body. The 
search was restricted to the following mainstream news sources: The Guardian, BBC, 
ITV, Daily Mail, The Sun, The Daily Express, The Daily Telegraph, The Evening 
Standard, The Independent, Reuters and Associated Press. 

Having done this, the next step was to extract the claims reported in the news corpus. 
A claim is formally defined as a sextuple <utterance, actor, news item, news source, 
date, topic>, where the utterance is a statement made by an actor, about a particular 
topic, which is reported in a news item on a certain date4. The field ‘news source’ indi-
cates the outlet that published the news item in question and, in our case study, can only 
be one of the mainstream media sources listed above. In the experiments reported in 
this paper the field ‘topic’ is fixed, given that we are only concerned with statements 
made about the topic ‘Immigration’. Finally, we should also point out that we only 
consider claims that consist of utterances that can be attributed to an actor explicitly 
mentioned in the associated news item. Such an association between utterance and actor 
may be expressed directly in the news item, by reporting a statement by the actor using 
quotation marks, or indirectly — e.g., by using an expression, such as, “[actor] said 
that…”). However, while both direct and indirect quotations are considered, in either 
case the actor must be explicitly mentioned in the news item.  This means that opinions 
expressed implicitly — e.g., an opinion expressed by a journalist authoring a news item 
— are considered as out of scope for this study. 

 
3  For example, our analysis of the immigration debate in UK includes a viewpoint “Immigration 

as a Management Issue”, which cannot be reduced to a stance pro or against immigration. 
4  Needless to say, a specific utterance expressed by a specific actor may be reported by multiple 

news sources, often on the same day, leading to a number of distinct claims that share a com-
mon utterance and actor. Analogously, it is also possible for multiple actors to repeat the same 
utterance. Indeed, this is not uncommon in the UK’s political debate, where politicians belong-
ing to the same party may be required to put forward a specific agreed line. 
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3.2 Extracting claims 
To extract the set of claims we run GPT-45 on the news corpus, generating 3455 claims. 
However, once we analysed the extracted claims, we realised that they covered a variety 
of immigration contexts, not just in UK but also in other countries.  Hence, we decided 
to create a more coherent corpus by restricting the analysis to UK immigration. This 
was achieved by considering only claims made by actors based in Britain6 and, as a 
result, we ended up with 766 claims. These included both ‘atomic’ utterances, such as 
“Britain has returned 1,800 migrants to Albania in just six months”, as well as more 
articulated positions, such as “While the principle of reducing net migration was right, 
there was a shortage of care workers in the UK. It's not as simple as just putting the 
salary thresholds up as well, there's quite a lot of skilled but lower paid people that we 
need coming into this country”. 

3.3 Identifying the range of viewpoints  
A hybrid human-machine approach was used to generate a comprehensive set of view-
points, using GPT-4 Turbo to produce an initial list that was then finalised by a human 
expert. In particular, we fed the utterances to the LLM in six batches and the model was 
asked to produce 5 viewpoints that could be used to classify the utterances. This pro-
duced a total of 30 viewpoints. Next, the LLM was asked to extract and synthesise the 
most significant and frequent viewpoints from all the ones generated by the various 
runs. The output was an initial set of viewpoints that was then checked by a human 
expert, to ensure that this set could provide a comprehensive range of dimensions to 
cover the UK immigration debate. In particular, the key role of the human expert was 
to provide clear distinct definitions for the various viewpoints and ensure complete 
coverage of the relevant perspectives. To this purpose, he also added an additional 
viewpoint, ‘Immigration as a management issue’, which had not been picked up by the 
LLM. This human-in-the-loop element of the methodology is in our view essential, 
given that our goal is to provide support to the various researchers and practitioners 
who engage in media analytics for regulatory or research purposes. Hence, it is crucial 
that the set of viewpoints used for classifying a debate is robust and consistent with the 
type of categories that expert analysts, such as media and political scientists, would be 
happy to consider. 

The set of identified viewpoints is as follows: 
1. Immigration as a management issue. This viewpoint characterises utterances 
that focus on the way immigration is managed, typically by the UK government. 
For example, criticisms of specific elements of immigration policy — e.g., the use 
of hotels to house immigrants — should be classified under this viewpoint, unless 
other factors, such as humanitarian considerations, are emphasised in the claim. A 
key aspect of this viewpoint is that it does not necessarily imply a stand in favour 
or against immigration. 

 
5  In the early phases of this work we used GPT-4 (for claim extraction) and GPT-4 Turbo (for 

viewpoint identification), while we later switched to GPT-4o, once this became available. 
6  These were identified by querying Wikidata [15] and, in the vast majority of cases, turned out 

to be British politicians.  
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2. Immigrants as victims/Humanitarian emphasis. This viewpoint is used to clas-
sify utterances that are sympathetic to the plight of immigrants — e.g., when a trag-
edy happens at sea.  
3. Immigrants as potential criminals or threat/National security emphasis. This 
viewpoint classifies utterances that imply a view of migrants as criminals or the 
migration phenomenon as a threat to national security. This viewpoint also covers 
the rhetoric about “dodgy lawyers” — i.e., lawyers who instruct their refugee clients 
to lie in order to get asylum in UK. In this case immigrants are criminals by associ-
ation. In addition, utterances that advocate the use of restraining measures that are 
normally used for criminals — e.g., security tags, also fall under this category. 
4. Enhancing/Maintaining immigration pathways. This viewpoint is used to 
classify utterances which either advocate for measures that would make it easier to 
come to UK or alternatively criticise the introduction of new restrictions to immi-
grations. Interestingly, in the context of an immigration debate, statements that crit-
icise a relaxation of immigration rules should not be classified under ‘Maintaining 
immigration pathways’. In other words, ‘Maintaining immigration pathways’ is not 
a neutral category, but implies a (mild) positive attitude towards immigration. In 
addition, this viewpoint is not necessarily mutually exclusive with the ‘Restricting 
immigration pathways’ one, because an utterance may advocate for more legal mi-
grants coming to UK while supporting stricter measures against illegal migrants. 
5. Restricting immigration pathways. This viewpoint is used to characterise ut-
terances that refer to measures that would make it more difficult to come to UK. It 
covers both legal and illegal immigration pathways. Furthermore, attempts to re-
move migrants from the UK and ‘success stories’ about sending migrants back to 
their country also fall under this category.  
6. Economic benefits of immigration. This viewpoint is used to classify utterances 
that refer to the economic value of immigration. Note that this viewpoint is not mu-
tually exclusive with the one labelled ‘Economic cost of immigration’, because an 
utterance may consider certain migrants as economically beneficial while maintain-
ing that others introduce a financial burden for the country. 
7. Economic cost of immigration. This viewpoint is used to classify utterances that 
refer to the economic cost of immigration — e.g., when talking about the cost of 
accommodation for illegal migrants.  
8. Integration policies/Multiculturalism as a positive force. This viewpoint is 
used to classify utterances that propose practical measures for integrating migrants 
in UK society, emphasise the need to support the integration of migrants, or other-
wise highlight the value of cultural diversity. This viewpoint is not mutually exclu-
sive with the one labelled ‘Anti-integration policies/Cultural identity preservation’, 
because an utterance may express a favorable opinion about multiculturalism while 
advocating placing tracking tags on illegal migrants.  
9. Anti-integration policies/Cultural identity preservation. This viewpoint is 
used to classify utterances that emphasise the cultural differences between UK peo-
ple and foreign migrants as well statements that advocate separating migrants from 
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the rest of the UK population. For instance, the use of tracking tags on immigrants 
implies both a view of immigrants as criminals and also enforces an anti-integration 
policy.  

3.4 Generating a gold standard for viewpoint classification  
In order to construct a gold standard on which to benchmark a variety of LLMs, 402 

claims were randomly selected from the corpus of claims relevant to the UK immigra-
tion debate and five human annotators were given the task to classify each of them in 
terms of the nine relevant viewpoints — as already mentioned, an individual claim can 
indeed instantiate more than one viewpoint. Following an initial standardization phase 
on a small subset of claims, which were classified by all five annotators, each claim 
was rated by exactly three annotators and we then used majority voting to generate the 
gold standard. To facilitate the annotation task, a customised spreadsheet was provided 
to each annotator, which, among other things, made it easy for them to quickly interpret 
and classify an utterance in the context of the associated news item — i.e., they could 
access a customised rendering of the news item in which the relevant utterance had 
been highlighted. To produce a baseline gold standard, comprising the entire corpus of 
402 claims, a simple majority rule was used, where an utterance, say ui, would be clas-
sified (or not) under a viewpoint, say vj, if and only if at least two annotators agreed 
that ui should go under vj (or not). However, as shown in the second column of Table 1, 
only moderate agreement was achieved on average between the human annotators on 
the corpus of claims7. The reason for this is that the classification of political statement 
is a rather contested task, even for humans. Statements by politicians can be ambiguous 
and difficult to interpret, and therefore, despite putting significant effort in calibrating 
and harmonizing the scores from different annotators, only a moderate level of agree-
ment could be achieved. For this reason, we also produced a restricted version of the 
gold standard, by only keeping claims for which, for a given viewpoint, say vi, either at 
least two annotators agreed that vi was relevant to the claim in question or alternatively 
all annotators agreed that it was not relevant. In other words, all utterances for which 
one and only one annotator flagged any viewpoint as relevant were discarded. This 
restricted version provided us with a more robust basis for evaluating the performance 
of different LLMs on the claim classification task. 

Our analysis also showed that viewpoint 8 (Integration policies/Multiculturalism as 
a positive force) was particularly problematic, with its opposite, viewpoint 9 (Anti-in-
tegration policies/Cultural identity preservation) also exhibiting a low agreement score. 
Therefore we also produced agreement scores with only seven viewpoints, removing 
viewpoints 8 and 9. As shown in Table 1 and Table 2, if limit ourselves to only seven 
viewpoints, the level of agreement increases and in particular we reach a substantial 
level of agreement on the restricted dataset. Both datasets are freely available and can 
be accessed at https://doi.org/10.21954/ou.rd.26268025.  

 
7  Jacob Cohen himself has suggested that a score of 0.41 (moderate agreement) may be accepta-

ble. However this position has been criticised [16] and in general a score denoting at least 
substantial agreement is expected (≥ 0.61), with almost perfect agreement (≥ 0.81) the recom-
mended norm for critical domains, such as medical studies – see [16] for a discussion on this 
issue. 
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Table 1. Agreement between annotators on the different datasets. 

Pair 

Cohen’s kappa on 
full dataset 
(402 claims) 

(9 viewpoints) 

Cohen’s kappa on 
full dataset 
(402 claims) 

(7 viewpoints) 

Cohen’s kappa on 
restricted dataset  

(219 claims) 
(7 viewpoints) 

1–2 0.46 0.49 0.70 
1–3 0.56 0.66 0.87 
1–4 0.38 0.39 0.69 
1–5 0.49 0.55 0.80 
2–3 0.33 0.36 0.58 
2–4 0.43 0.49 0.68 
2–5 0.44 0.54 0.84 
3–4 0.30 0.35 0.60 
3–5 0.56 0.60 0.73 
4–5 0.37 0.35 0.68 

Average 0.43 0.48 0.71 

Table 2. Average annotator agreement by viewpoint on the different datasets. 

Viewpoint 
Cohen’s kappa on 

full dataset 
(402 claims) 

Cohen’s kappa on 
restricted dataset 

(219 claims) 
(7 viewpoints) 

1 0.55 0.80 
2 0.67 0.82 
3 0.35 0.51 
4 0.36 0.69 
5 0.47 0.72 
6 0.43 0.81 
7 0.52 0.69 
8 0.11 N/A 
9 0.35 N/A 

 

3.5 Using LLMs to classify claims in terms of the relevant viewpoints 
Having produced both a baseline and a restricted gold standard, we then tested a variety 
of LLMs on both datasets, to assess to what extent they can effectively support the task 
of classifying claims with respect to the relevant viewpoints. All the LLMs were tested 
in a zero-shot learning modality. This approach was chosen to establish an initial base-
line for future developments and also because zero-shot learning is well-suited for sup-
porting discourse analysis across any domain, a feature that is very important for our 
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target users. Since most of the LLMs do not provide a ‘clean’ output — i.e., a yes/no 
binary classification result, regex patterns were employed to post-process the verbose 
output.  For each of the experimental setups, standard binary classification metrics were 
computed for every model, including those of a random classifier, which provides a 
baseline reference for the performance of the other models. As is the norm for classifi-
cation tasks, the performance of the LLMs was assessed in terms of precision, recall, 
and F1 scores. 

In particular, we evaluated both open-source models (Llama 2, Llama 3, Mistral 
8x7B) and commercial closed models accessible via API (GPT-4, GPT-4o, Titan Text 
Premier, Mistral Large). While the latter typically perform better in zero-shot settings, 
usually they do not disclose the number of parameters and other key characteristics, 
behaving as black boxes. Below, we briefly summarise the published characteristics of 
these models. 

GPT-4 Turbo, developed by OpenAI, is a large commercial multimodal model fea-
turing a context window of 128K tokens [17]. Originally, this was OpenAI’s flag-
ship model, however it has now been surpassed by GPT-4o. The training data ex-
tends up to December 2023. 
GPT-4o is OpenAI’s most advanced model8, offering text generation that is twice 
as fast and 50% cheaper than GPT-4. It shares the same 128K-token context window 
as GPT-4 Turbo and uses training data up to October 2023.  
Titan Text Premier is the latest addition to Amazon’s Titan family of LLMs. It is 
designed for enterprise-grade text generation applications and was optimised for 
retrieval-augmented generation9. It has a context length of 32K tokens.  
Mistral Large is Mistral’s flagship language model [18], featuring a 32K-token 
context window. As with all the previous commercial models, the number of pa-
rameters has not been disclosed.  
Mistral 8x7B is an open sparse mixture-of-experts network, consisting of 8 models, 
each with 7 billion parameters [18]. It uses a context length of 32K tokens. Specif-
ically, we used the Mistral 8x7B Instruct, which has been fine-tuned through super-
vised learning and direct preference optimization for precise instruction following. 
It is regarded as one of the strongest open-weight models. 
Llama 2 70B is the largest member of Meta’s Llama 2 family, featuring a 4K-token 
context length [19]. For this study, we adopted Llama 2 70B Chat, a fine-tuned 
version of Llama 2 70B optimised for dialogue use cases. All Llama 2 models em-
ploy supervised fine-tuning and reinforcement learning with human feedback.  
Llama 3 70B is the largest model in Meta’s recently released Llama 3 family [20]. 
It offers a context window of 8.2K tokens and utilises Grouped-Query Attention  to 
improve inference efficiency. It includes training data up to December 2023. 

 
8 https://openai.com/index/hello-gpt-4o/. 
9  https://aws.amazon.com/it/about-aws/whats-new/2024/05/amazon-titan-text-premier-amazon-

bedrock/. 
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Table 3. Scores for each model on the full dataset (9 viewpoints). 

Model Precision Recall F1 
Random 0.11 0.50 0.15 
GPT-4 Turbo 0.36 0.69 0.46 
GPT-4o 0.49 0.65 0.52 
Llama 2 70B 0.20 0.66 0.30 
Llama 3 70B 0.36 0.71 0.45 
Titan Premier 0.42 0.48 0.43 
Mixtral 8x7B 0.36 0.63 0.40 
Mistral Large 0.36 0.75 0.46 

Table 4. Scores for each model on the full dataset (7 viewpoints). 

Model Precision Recall F1 
Random 0.12 0.50 0.17 
GPT-4 Turbo 0.40 0.75 0.51 
GPT-4o 0.53 0.80 0.62 
Llama 2 70B 0.23 0.69 0.34 
Llama 3 70B 0.41 0.84 0.52 
Titan Premier 0.50 0.61 0.53 
Mixtral 8x7B 0.39 0.75 0.48 
Mistral Large 0.38 0.86 0.51 

Table 5. Scores for each model on the restricted dataset (7 viewpoints). 

Model Precision Recall F1 
Random 0.15 0.50 0.20 
GPT-4 Turbo 0.51 0.75 0.60 
GPT-4o 0.71 0.82 0.73 
Llama 2 70B 0.27 0.65 0.37 
Llama 3 70B 0.49 0.83 0.59 
Titan Premier 0.64 0.58 0.58 
Mixtral 8x7B 0.49 0.75 0.55 
Mistral Large 0.47 0.85 0.58 

 
As shown in Table 3, Table 4 and Table 5, GPT-4o outperforms all other models in 

all three test configurations. As expected, the performance of all LLMs improves mon-
otonically in the three configurations, as we remove the most problematic viewpoints 
and claims. However, it is important to emphasise that GPT-4o exhibits a decent per-
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formance even in the most challenging scenario (Table 3), with pretty good perfor-
mance in both datasets once viewpoints 8 and 9 have been removed.  In particular, its 
performance on the restricted dataset (Table 5) is arguably good enough to provide 
useful insights in a media analytics application scenario. In addition, regardless of the 
model in question, it can also be seen that all LLMs significantly outperform the ran-
dom classifier. Given the strong dataset imbalance, this observation is crucial to paint 
a clearer picture of the performance of the models, whose ability may be underestimated 
without comparing it to a baseline. In Table 6 and Table 7 we provide more details 
about the performance of the best model (GPT-4o) with respect to the individual view-
points on both the full and restricted datasets. Apart from the poor performance on the 
problematic viewpoints, 8 and 9, it also possible to see that there are a couple of view-
points (1 and 7) with very low precision and very high recall, for both the full and 
restricted datasets. The reason for this behaviour becomes clear if we analyse Figure 1 
and Figure 2, which report the frequency of positives across the viewpoints for the two 
datasets and GPT-4o. In particular, viewpoints 1 and 7 are the ones for which the gap 
between the gold standard positives and the LLM positives is the largest. In addition, 
viewpoint 1 was the only one that was not picked up by the LLM in the various runs to 
identify potential viewpoints but was instead added by the domain expert. Hence, it is 
not surprising that, in a zero-shot setting, this is the one where GPT-4o exhibits the 
weakest performance.  

Table 6. GPT-4o scores on the full dataset — all viewpoints 

Viewpoint Precision Recall F1 
1 0.28 0.94 0.44 
2 0.68 0.66 0.67 
3 0.51 0.65 0.57 
4 0.50 0.90 0.64 
5 0.71 0.67 0.69 
6 0.60 0.86 0.71 
7 0.44 0.96 0.60 
8 0.00 0.00 0.00 
9 0.67 0.23 0.34 

 

Table 7. GPT-4o scores on restricted dataset — 7 viewpoints. 

Viewpoint Precision Recall F1 
1 0.40 0.96 0.56 
2 0.83 0.75 0.79 
3 0.75 0.65 0.70 
4 0.88 0.88 0.88 
5 0.87 0.70 0.77 
6 0.80 0.80 0.80 
7 0.48 1.00 0.65 
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Fig. 1. Viewpoint percentages in full dataset and associated GPT-4o classification. 

 

Fig. 2. Viewpoint percentages in restricted dataset and associated GPT-4o classification. 

4 Application-level considerations 

Despite the preliminary nature of the experiments reported in this paper, our results are 
already interesting from an application-level perspective and they appear to confirm the 
concerns expressed by scholars and commentators — see e.g., [21] and [22], who have 
highlighted distortions and lack of balance in UK’s mainstream media coverage of key 
issues. In particular, Figure 1 and Figure 2 show that very little media coverage is allo-
cated to pro-immigration viewpoints (shown in red in the figures), compared to anti-
immigration ones (shown in blue in the figures). Indeed, we believe that a particular 
strength of our approach is the focus on modelling the news dynamics in a way that is 
consistent with the analyses carried out by media and political scientists — e.g., see [5], 
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who try to understand the dynamics of the debate on a particular issue. As shown in 
Figure 3, our approach can also support granular visualizations of the viewpoint dy-
namics over time, a feature that is particular useful when analysing the debate about a 
particular topic over a crucial time period — e.g., during the run up to an election. 

 
Fig. 3. Visualizing the viewpoint dynamics over time. 

5 Conclusions 

In this paper we have illustrated an approach and a set of initial experiments that use 
LLMs to model the viewpoint dynamics in the news. Our results indicate that, even in 
a zero-shot learning modality, the larger models, such as GPT-4o, already exhibit an 
acceptable level of performance. A key strength of our approach is that it goes beyond 
much computer science literature on capturing political opinions that, as discussed in 
Section 2.2, tends to adopt rather coarse-grained classifications — e.g., in favour or 
against a particular position — and fails to capture the variety of viewpoints that char-
acterise the debate in the media. Having said so, we should also stress that this research 
is at a rather early stage and several issues still need to be tackled. These are discussed 
in what follows. 

In the approach presented in this paper the viewpoints relevant to a debate are gen-
erated in advance of the claim classification task. Indeed, we believe that our hybrid 
human-machine approach worked well and the set of viewpoints presented in the paper 
provides a comprehensive and correct framework to analyse the immigration debate, as 
reported in the news during the June-August 2023 period. Nonetheless, this solution is 
structured in a rather waterfall fashion, where a corpus of news is considered, the view-
points are generated and then the claims are classified. This works well for a retrospec-
tive analysis — e.g., a study on the election debate over the past few months, but would 
be unable to support the modelling of a live, ongoing debate, where new viewpoints 
may emerge dynamically. Hence, additional experiments will need to be carried out to 
test whether effective pipelines can be devised, which are able to handle the emergence 
of novel viewpoints in a debate. Such a solution would also make it possible to analyse 
the viewpoint dimensions themselves as an object of discourse — e.g., modelling the 
rate of change in viewpoint dimensions over time and across different topics.  
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Another issue concerns the typology of LLMs used in our study. Given the emphasis 
on measuring performance in a zero-shot setting, it is not surprising that the large, ex-
pensive and proprietary models produced the best results. Hence, more work is needed 
with smaller, cheaper and open models, first to test whether application-specific fine-
tuning can significantly improve their performance in this task and secondly to develop 
practical pipelines where such fine-tuning can be effectively applied in user-centric so-
lutions.  

The claim extraction process also requires more work. While this aspect was not a 
priority in the context of the research reported here, more effort is needed to better 
characterise what is a claim and to develop highly performant techniques to extract 
them from a news corpus.  Tackling these issues is essential to reduce the noise in the 
extracted corpus of claims, which ought to facilitate the manual construction of im-
proved gold standards by human annotators and (most likely) lead to improvements in 
the performance of the LLMs on the claim classification task.  

Another important challenge requires dealing with the contested nature of the do-
main. While we are happy with the robustness of the viewpoint generation process, it 
is clear that the claim classification task is a challenging one, given the inherent ambi-
guity of many claims expressed in the media. Indeed, as reported in Section 3.4, the 
level of agreement between human annotators was only moderate on the full dataset, 
thus affecting the robustness of our initial gold standard. While we were able to address 
the issue by generating a restricted version of the gold standard and by reducing the 
number of viewpoints, additional work is needed to give more robust foundations to the 
claim classification task, in particular, in terms of providing robust guidelines to human 
annotators.  This aspect is closely related to the task discussed earlier: that is, it is our 
view that, if we are able to improve the claim extraction process and characterise more 
precisely what is a claim, then it will become easier to support human annotators in 
developing robust gold standards. 

Finally, it is also important to emphasise that claim classification is a knowledge-
intensive task. Statements by politicians can be ambiguous and in many cases can only 
be understood if the observer has enough background knowledge about their track rec-
ord, political affiliation, key beliefs, etc.  Hence, in the future we plan to extend our 
architecture by developing a knowledge graph [23] capturing key information about the 
actors expressing opinions in the media and by using it both to try and improve the 
performance of the system in the claim classification task and also to provide a wider 
range of domain analytics — e.g., by modelling the type and evolution of the positions 
expressed by individual actors or broader groups, such as political parties.  
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