
Identifying Algorithmic and Domain-Specific Bias
in Parliamentary Debate Summarisation

Abstract. The automated summarisation of parliamentary debates us-
ing large language models (LLMs) offers a promising way to make com-
plex legislative discourse more accessible to the public. However, such
summaries must not only be accurate and concise but also equitably rep-
resent the views and contributions of all speakers. This paper explores
the use of LLMs to summarise plenary debates from the European Par-
liament and investigates the algorithmic and representational biases that
emerge in this context. We propose a structured, multi-stage summari-
sation framework that improves textual coherence and content fidelity,
while enabling the systematic analysis of how speaker attributes – such
as speaking order or political affiliation – influence the visibility and ac-
curacy of their contributions in the final summaries. Through our exper-
iments using both proprietary and open-weight LLMs, we find evidence
of consistent positional and partisan biases, with certain speakers sys-
tematically under-represented or misattributed. Our analysis shows that
these biases vary by model and summarisation strategy, with hierarchi-
cal approaches offering the greatest potential to reduce disparity. These
findings underscore the need for domain-sensitive evaluation metrics and
ethical oversight in the deployment of LLMs for democratic applications.

1 Introduction

Public understanding of parliamentary activities is worryingly low, despite their
fundamental role in representative democracy. Research consistently demon-
strates that citizens struggle to comprehend parliamentary activities, and often
see them as talking shops, where politicians grandstand, but do little else [4,8].
This points to a democratic deficit where public engagement with parliamentary
processes is severely limited. Citizens’ actions alone do not fully explain this situ-
ation [12,13]. Information on parliamentary activities is generally made available
to the public through plenary transcripts, legislative records, and detailed min-
utes of parliamentary meetings. However, while this data is theoretically open,
it is often not presented in a user-friendly or easily accessible format in practice.
As a result, citizens rarely take the time to engage with it.

The use of large language models (LLMs) for automated summarisation of
parliamentary debates offers a promising way to address the accessibility gap and
enhance citizens’ engagement with democratic institutions [3]. However, for such
approaches to be effective, it is essential that the generated summaries accurately
reflect both the content and the speakers involved. This paper investigates these
challenges by evaluating the accuracy of LLMs in summarising political debates,
using a sample of plenary speeches from the 9th European Parliament.
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While LLMs can provide an effective means of summarising text [28], there
are important methodological considerations that must be made when working
with parliamentary debates. In particular, alongside challenges such as summary
fidelity [5] and knowledge hallucination [20], LLMs have been shown to exhibit
algorithmic biases, where language models demonstrate an ‘uneven’ utilisation of
information in their input context [10,19], and social biases, where language mod-
els demonstrate disparate treatment or outcomes between social groups [1,7,15].
Meanwhile, the tendency of LLMs to omit details or overgeneralise in summaries
has raised concerns in other domains [18].

Numerous general-purpose measures exist for assessing summarisation qual-
ity, faithfulness, and conciseness, many of which were developed before the ad-
vent of modern LLMs [5]. However, summarising political debates poses distinct
challenges. It requires aggregating content from potentially long sequences of rel-
atively brief documents or interventions, requiring a more balanced consideration
of all source inputs than is typical in standard multi-document summarisation
or question-answering tasks. Furthermore, there are important domain-specific
considerations. Namely, the debate summary must recognise and attend to the
key substantive components of each debate intervention (e.g. issue, position,
argument, proposal). These components must be communicated to the reader
faithfully, and with reference to the source information (i.e., the specific inter-
vention). Crucially, summaries must also make clear not only what was said, but
who said it. While many automated methods for summary evaluation exist, they
do not sufficiently penalise the misattribution of arguments to speakers.

In this work, we present a new framework for generating and evaluating po-
litical debate summaries with these key requirements in mind. Furthermore, we
examine algorithmic and domain-specific biases exhibited by LLMs when attend-
ing to different positions within parliamentary debates, using plenary speeches
from the European Parliament (EP) as our source data. Through these investi-
gations, we highlight methodologies for producing high-quality summaries that
enhance public understanding and promote transparency in parliamentary pro-
ceedings. Our approach and findings also offer broader insights for the design
and evaluation of complex multi-document summarisation systems.

2 Background

2.1 Generating and Evaluating Summaries

Text summarisation is the process of distilling the most important information
from a source text to produce an abridged version for a particular user or task
[28,14] While early approaches to automatic summarisation were predominantly
extractive, relying on directly copying segments from the source text [2], many
use cases benefit from abstractive summaries that rephrase the original content.
Notably, recent advances in LLMs have enabled the generation of more natural
and coherent summaries that better resemble human writing, making them well-
suited for such tasks [28].
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Summary evaluation methods have been developed to automatically assess
how effectively a summary captures the important content of a longer text while
remaining concise, coherent, and faithful to the source material. Early work in
this area has focused on explicit overlaps between the summary and the source
material. ROUGE [9] measures n-gram recall – the proportion of n-grams in
the summary that were present in the source material. Similarly, BLEU [17]
measures the precision of the n-grams in the summary compared to the source.
As these methods rely on n-grams comparisons, they require that the summary
text contains exact matches with the source text, and as a result, they penalise
paraphrased or abstractive summaries. Moreover, such measures have previously
been shown to correlate poorly with human judgments of summaries [16].

To evaluate abstractive summaries, embedding-based similarity measures
have been developed to address the semantic limitations of the earlier methods
that relied on n-gram overlap. For example, BERTScore [29] measures preci-
sion and recall separately, by comparing the semantic similarity of tokens in the
summary and source material. Specifically, a high BERTScore precision (PBERT)
indicates that each token/term in the summary is a strong semantic match for a
token in the source (indicating a low level of added information or hallucination).
Conversely, a high recall (RBERT) indicates that tokens/terms in the source are
all matched by tokens in the summary – indicating that the summary covers the
content in the original document.

Traditional n-gram-based evaluation methods treat all n-grams equally and
often fail to detect subtle semantic errors in summaries. To attempt to address
this limitation, more recent work has explored factual consistency as an eval-
uation criterion, which considers whether a summary accurately conveys the
meaning of the source text without introducing contradictions [24]. Such ap-
proaches have been applied in the context of question answering (QA) [21] and
natural language inference (NLI) [6]. However, their effectiveness relies heavily
on the quality of the underlying QA and NLI models.

The brevity or succinctness of summaries is typically measured indepen-
dently. For example, the compression ratio measures the ratio of tokens in the
summary to tokens in the source document [5]. Alternatively, some studies will
assess information density by normalising or penalising summary length [11].

When summarising parliamentary debates, particular attention must be given
to accurately attributing arguments, positions, and proposals to the correct
speakers. Existing evaluation methods do not adequately penalise the misat-
tribution of content to speakers. Later in Section 3.2, we describe our framework
for evaluating debate summaries where we address this evaluation gap.

2.2 Types of Bias in LLMs

There is existing research that finds that LLMs do not attend equally to all
regions of the input context when generating outputs. For example, the “ lost-
in-the-middle” problem refers to the tendency of LLMs to favour content at the
beginning or the end of the context in large context question answering (QA).
In particular, Liu et al. [10] showed that LLMs consistently achieve lower QA
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scores when the information relevant to the question is found in the middle of
the context. Motivated by these findings, Ravaut et al. [19] performed multi-
document summarisation experiments and found that LLM-based summaries
contain significantly more information from the documents at the beginning of
the context than from those appearing later in the context.

As well as algorithmic bias, it is also important to consider the impact of so-
cial biases. While bias is a subjective term, it can broadly be defined as disparate
treatment or outcomes between social groups. In our later evaluation of bias in
parliamentary debate summarisation, we adopt the definitions of individual and
group fairness proposed by Gallegos et al. [7]. These definitions require similar
outcomes – i.e., that summaries represent all speakers with equal accuracy and
clarity – regardless of party group membership or algorithmic factors such as
position within the model’s input context.

3 Methods

3.1 Generating Debate Summaries

As previously noted, summarising parliamentary debates presents distinct chal-
lenges. Unlike many traditional summarisation tasks, it requires not only an
accurate representation of the arguments made but also precise attribution to
the correct speakers. Moreover, to promote trust, fairness, and transparency,
the content of the summary must be clearly traceable to the original source
material. In light of these considerations, we adopt the following framework for
summarising parliamentary debates. Formally, a debate is represented by an
ordered sequence of n interventions made by m different speakers

I = {i11, i22, i33 . . . , imn }

where ijk is a contribution made by speaker j, that was the kth contribution or
intervention in the debate.

To support accurate attribution of content to its original source and to en-
sure focus on the substantive aspects of each debate intervention, we use a sum-
marisation workflow involving two steps (see Figure 1). Firstly, we introduce an
intermediary step: the creation of a set of intervention summaries, which is sub-
sequently aggregated into a final debate summary. The motivation for adopting
a hierarchical summarisation approach is analogous to the architecture of a con-
volutional neural network, in which early layers extract lower level features that
are subsequently aggregated and contrasted in later layers to produce higher
level representations [30]. This approach also mirrors the idea of prescribing a
chain-of-thought (CoT) prompting for the model’s summarisation process. Mod-
els fine-tuned to generate such structured reasoning have been shown to exhibit
improved reasoning capabilities [26,25]. Introducing an explicit CoT through a
separate intervention summary step not only guides the model’s generation but
also allows us to retain intermediate outputs for evaluating speaker attribution
accuracy (see Section 3.2).
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Fig. 1. Debates are summarised using a two step process. The summariser function
generates intervention summaries from each intervention in the debate. The generator
function aggregates the information from each intervention summary to generate a
debate summary.

Intervention summaries. Each intervention is summarised by fSUM, which
maps an intervention to a structured summary:

sji = fSUM(iji )

Taking inspiration from studies of policy bargaining in political institutions
[23,22], we adopt the following structure for our summaries:

Headline: A concise, single-line summary of the speech.
Issue: A brief overview of any key issues raised by the speaker.
Position: Any stance or viewpoint expressed in the speech.
Argument: Any arguments used to justify the positions taken.
Proposal: Any proposals or policy actions mentioned by the speaker to
address the issues raised.
Quotes: 2-3 representative quotes that capture the speaker’s stance.

This structure is intended to focus the final summary on the substantive aspects
of the debate interventions, specifically the issues raised, positions expressed, ar-
guments presented, and proposals put forward by the speakers. It also serves to
guide the evaluation of summaries by focusing on these key components (see Sec-
tion 3.2). After the first intervention summarisation step, a debate is represented
as a set of structured summaries:

S = {s11, s22, s33, . . . , smn }

In our experiments, we implement the summariser functions using the LLMs
listed in Section 4.2.

Debate summaries. The final debate summary D is produced by applying a
generator function fGEN to the structured set of intervention summaries. This
function maps the set of individual summaries to a coherent executive summary
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of the overall debate:
D = fGEN(S)

In our experiments, we implement a range of generator functions using LLMs to
produce debate summaries from a structured set of intervention summaries. We
evaluate four distinct approaches, illustrated in Figure 1:

1. Default generator: Stacks all intervention summaries and provides the
combined text as input to the LLM.

2. Grouped generator: Reorganises the input by grouping content under each
subheading (e.g., position, issue, argument) across speakers before inputting
to the LLM.

3. Hierarchical generator: Introduces an additional summarisation layer in
which all positions, issues, arguments, and proposals are summarised inde-
pendently and then aggregated into a final summary. Hierarchical pipelines
have been shown to be effective in summarising complex information, pro-
vided there is a clear organisational structure in the input [19,27,30].

4. Prompted generator: Makes use of an explicit prompt instructing the
model to “give equal attention to all speakers in your summary”. Prompt
engineering of this nature has been shown to mitigate attention biases in
certain LLMs [19].

3.2 Evaluating Debate Summaries

The goal of summarisation is to generate a concise, coherent version of a longer
text that preserves key information and enables quick understanding of the main
points. When summarising parliamentary debates, we place an additional em-
phasis on the substantive aspects of debate and policy bargaining (i.e., issue,
position, argument, proposals), and the reliable attribution of each of these con-
cepts to speakers. That is to say, when reading a debate summary, it should be
clear what was said, and who said it. Many measures have been developed for
the automatic evaluation of natural language summaries (see Section 2). Broadly
speaking, when evaluating debate summaries these methods assess what was said
but they do not sufficiently penalise summaries for misattributing statements to
different speakers. In this section, we propose to address this evaluation gap by
measuring the accuracy of the summary separately for each speaker. For the
purposes of this work, we focus our evaluations on fidelity and compression.

Fidelity and attribution accuracy. To focus our evaluations on the correct
attribution of issues, positions, arguments, and proposals to speakers, we must
identify the regions of the debate summary that are relevant to each speaker.
From each debate report D, we reconstruct the contributions of each speaker
using a reconstructor function fREC, where

ŝji = fREC(D, speakerj)
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Fig. 2. Proposed two step summarisation workflow. The reconstructor function recre-
ates a structured version of a speaker’s intervention using the final debate summary as
input. If the speaker’s contribution can be accurately reconstructed, we conclude the
summary attends to that speaker and their contributions accurately.

represents a summary of the ith intervention in the debate (made by speaker j),
that was extracted (or reconstructed) from information in the debate report D.
Thus, we can evaluate the report (and the associated aggregator function) by
comparing the reconstructed intervention summaries Ŝ = {ŝ11, ŝ22, . . . , ŝmn }, with
the original summaries S. Specifically, if a reconstructed summary ŝji remains
faithful to the initial summary sji , we conclude that the summarisation has at-
tended to that speaker and their contribution accurately and, critically, that
the contribution was clearly attributed to that speaker. Further, we can assess
methodological and domain-specific biases in the generated report by comparing
the fidelity of the interventions given different factors such as their order in the
context (i.e., when they spoke during the debate) or the political affiliations of
the speaker (e.g.: party membership).

We use BERTScore [29] to evaluate the accuracy (fidelity) of the recon-
structed intervention summaries compared to the original summaries. Both the
intervention summaries S and the reconstructed summaries Ŝ share the structure
described in Section 3.1. As such, BERTScore(sji , ŝi

j) measures how faithfully the
substantive aspects of the intervention iji (i.e., issue, position, argument, propos-
als) were communicated in the debate summary and correctly attributed to the
speaker. By measuring the average intervention fidelity ( 1

n

∑n
i BERTScore(si, ŝi))

for a debate, as opposed to entire debate summary fidelity (BERTScore(S,D)),
we build attribution accuracy into our evaluation of fidelity.

Compression. The most accurate way to convey each speaker’s contribution
is via a full transcript, but this contradicts the goal of summarisation, which is
to provide a concise account of the source. It is therefore important to consider
report length and information density alongside fidelity. We define Compres-
sion Ratio as the number of tokens in the final debate summary divided by the
total number of tokens in the source, which includes all intermediate interven-
tion summaries. Lower values indicate greater compression. Given our proposed
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summarisation framework, we can also define a complementary metric: the De-
compression Ratio. This is the ratio of the number of tokens in the reconstructed
interventions to the number of tokens in the debate summary. A higher value
for this metric indicates that more information can be effectively recovered or
extracted from the debate summary.

4 Experimental Setup

4.1 Data

For our experiments we use a dataset of translated debates from the 9th Euro-
pean Parliament 1, from the period 2019 to 2025. We randomly sample 93 full
debates, each containing up to 70 speeches (interventions). Although few debates
in the sample exceed this length, we impose this limit to ensure all debates fit
within the context window of the language models under evaluation. The final
dataset comprises 2,976 interventions delivered by 719 speakers from 9 different
party groups which generally consist of politicians with aligned ideologies.

4.2 Models

We use LLMs to implement the summariser, generator, and reconstructor func-
tions in our experiments. As the evaluations are the most costly aspect of our
experiments, we choose an open-weight model for reconstructing speaker inter-
ventions from debate summaries (fREC). For clarity, and to avoid potential bi-
ases, we exclude the model used for evaluations from generation. Here we outline
the different models used for generating and evaluating reports. For simplicity,
we use the same model for generating both intervention summaries (fSUM) and
debate summaries (fGEN). To create the latter, we consider the four generation
methods outline in Section 3.1: default, grouped, hierarchical, prompted.

Generating reports. For this process, we consider a selection of openly-
available and proprietary models:

– Mistral is a lightweight open model from Mistral AI. In our experiments,
we use Mistral:7b from Ollama2.

– Claude Sonnet is a proprietary model from Anthropic. In our experiments,
we use claude-3-7-sonnet-20250219.

– Phi4 is a compact 14 billion parameter, open model from Microsoft. In our
experiments, we use Phi-4:14b from Ollama.

– GPT-4.1 is a state-of-the-art proprietary model from OpenAI. In our ex-
periments, we use gpt-4.1 via OpenAI API.

1 https://www.europarl.europa.eu/plenary/en/home.html
2 https://ollama.com

https://www.europarl.europa.eu/plenary/en/home.html
https://ollama.com
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Evaluating reports. To assess summaries, we make use of the open-weight
model Qwen3 model from Alibaba. Specifically, we use qwen3:30b-a3b provided
by Ollama, which employs mixture-of-experts to offer high performance with
significantly fewer active parameters.

4.3 Validation

The reconstructor function (fREC) is a critical stage in our evaluation pipeline.
We employ two measures to validate this aspect of the experiments. Firstly, we
assess the effect of the choice of fREC model on our results. In other words, if
we change the model we use to reconstruct/extract speaker interventions from
debate summaries, would our results change significantly? To test this, we take
a sample of 7 debate summaries generated using different generation methods.
For each of the 147 different debate interventions, we reconstruct intervention
summaries (ŝi = fREC(D, speakeri)) using four different models (Mistral, Phi-
4, Qwen3, and Claude-Sonnet-3-7). We then calculate the intervention fidelity
(BERTScore(si, ŝi)) for all interventions, and measure the pairwise Pearson cor-
relation between scores from all models. All model pairs showed high correlation
in their scores, with the lowest at r = 0.74, indicating strong agreement across
models. This suggests that the observed trends are largely robust to the choice of
model used for reconstructing intervention summaries from debate summaries.

Next, we assess the precision of the reconstructor model. While we can eval-
uate debate summaries by comparing the extracted summary to original struc-
tured summary, we can validate the reconstructor function by considering the
BERTScore precision between the reconstructed intervention summary and the
debate summary (PBERT(D, ŝi)). Across all reconstructed interventions in our
experiments, the average BERTScore precision using Qwen3 was 0.80. This in-
dicates that low intervention fidelity scores, (BERTScore(si, ŝi)), are primarily
due to errors introduced during debate summarisation rather than during recon-
struction.

5 Results

5.1 Fidelity and Compression

Table 1 reports the average intervention fidelity (BERTScore), brevity (Com-
pression Ratio), and information density (Decompression Ratio) for all models
and generation methods. Overall, the larger, proprietary models (Claude-Sonnet,
GPT-4.1) communicate the core aspects of debate interventions more faithfully
than the smaller, open-weight models. Prompting models to pay attention to all
speakers improves the mean accuracy of the larger models, yet has no impact on
the smaller models. Across most models, hierarchical summaries are the short-
est and most information-dense. In all cases except Claude-Sonnet, they also
demonstrate higher faithfulness than the default generator approach.
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Model Generator F1BERT CRatio DRatio

Claude-Sonnet-3-7 Default 0.239 0.24 1.01
Grouped 0.225 0.26 0.95
Hierarchical 0.230 0.20 1.22
Prompt 0.258 0.26 1.11

GPT-4.1 Default 0.250 0.33 0.96
Grouped 0.267 0.33 0.91
Hierarchical 0.256 0.29 0.92
Prompt 0.313 0.36 0.99

Mistral Default 0.072 0.11 0.79
Grouped 0.122 0.12 1.30
Hierarchical 0.142 0.15 1.16
Prompt 0.068 0.11 0.79

Phi-4 Default 0.096 0.16 0.58
Grouped 0.167 0.17 1.03
Hierarchical 0.132 0.16 0.89
Prompt 0.098 0.18 0.58

Table 1. Average BERTScore, Compression, and Decompression ratios for
all interventions across all debates.

5.2 Speaker Order Bias

There is existing research that finds that LLMs do not attend equally to all
regions of the context when generating outputs (see Section 2.2) In light of this,
in Figure 3 we assess the extent to which the temporal position of a speaker
in the debate (i.e., when they speak, and thus, where they occur in the LLM
context) affects how much and how accurately the debate summary attends
to that speaker and their contributions. We distinguish between a speaker’s
temporal position in the debate — the order in which they speak — and their
ideological position, referring to the stance they express on some issue. To avoid
confusion, we will refer to the former as speaking order.

From Figure 3, it is clear that all models demonstrate some speaker order bias,
with Claude-Sonnet-3-7 and GPT-4.1 attending more accurately to speakers who
spoke earlier in the debate while Mistral and Phi-4 favour those at the end. In
the case of Mistral and Phi-4, we note that many of the speakers from the middle
of the debate are ignored entirely (F1BERT ≈ 0).

In Figure 4 we plot the speaker order bias for all generator methods, for each
of our models. It is apparent from the figure that different generator methods
have an impact on the speaker order bias. To evaluate these effects we esti-
mate a beta regression model. The dependent variable is intervention fidelity
(BERTScore F1 ), and predictors include relative speaker order xi (representing
when the intervention occured in the debate), its squared term x2

i (to capture
non-linear patterns), indicators for each generator method (i.e., Methodm is a
dummy variable indicating if the debate was summarised using method m), and
interactions to measure the effect of generator method on the speaker order bias.
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Fig. 3. Speaker Order Bias– default methods. BERTScore measures the similarity
between a speaker’s reconstructed intervention summary ŝ (based on the information
in the debate summary), and their original intervention summary s. Relative Speaker
Order ( k

n
) represents the temporal position of their intervention in the debate (k)

adjusted for the number of interventions in the debate (n) with k
n
≈ 0 representing the

earliest speakers in the debate and k
n
= 1 representing the last intervention.

Fig. 4. Speaker Order Bias – all models and methods. BERTScore measures
the similarity between a speaker’s reconstructed intervention summary ŝ (based on
the information in the debate summary), and their original intervention summary s.
Relative Speaker Order represents the temporal position of their intervention in the
debate, with lower scores representing earlier contributions.

The regression is described by

logit(µi) = β0 + β1xi + β2x
2
i

+
∑

m∈Methods

[
γm + δmxi + θmx2

i

]
· Methodm

where β0, β1 and β2 represent coefficients for the intercept, linear and quadratic
terms, while γm represents the method effect for method m, with βm and θm
describing the effects of method m on the speaker order bias. Table 2 reports
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Coef Claude-3-7 GPT-4.1 Mistral Phi-4

Intercept β0 -0.700** -1.120** -1.978** -1.763**
Linear speaker order β1 -1.934** -0.721* -2.619** -3.521**
Quadratic speaker order β2 1.407** 0.362 3.346** 4.523**
Hierarchical γH -0.361** 0.094 0.090 -0.220**
Grouped γG -0.334** 0.113 0.051 -0.133
Prompted γP 0.171* 0.264** -0.066 0.115
Order × Hierarchical δH 1.005* 0.872* 2.950** 3.693**
Order × Grouped δG 0.666 0.246 0.267 1.306**
Order × Prompted δP -0.523 0.889* 0.450 -0.262
Order² × Hierarchical θH -0.841* -0.619 -3.630** -4.694**
Order² × Grouped θG -0.522 -0.165 0.266 -0.479
Order² × Prompted θP 0.236 -0.931* -0.518 0.178
Precision 1.153** 1.009** 1.426** 1.352**

Table 2. Beta regression coefficients for measuring speaker order bias and
the mitigating effects of different generation methods.

regression coefficients for all LLMs. All models show a strong positional/order
bias using the default generator method, with a negative coefficient on speaker
position β1. All models but GPT-4.1 also show a significant positive quadratic
term β2 indicating that summaries favour early and late speakers, disadvantaging
those in the middle.

Our proposed hierarchical summarisation method significantly alters the bias
profile across all LLMs – δH consistently shows a positive interaction with
speaker order, reducing the bias towards earlier speakers, and in all cases where
models show a bias towards later speakers (i.e., β2 is significant and positive),
we find a significant negative θH term. This suggests hierarchical summarisation
reduces speaker order bias. With γH negative and significant in the larger models
(Claude and GPT), we note that the reconstruction fidelity for speakers at the
beginning of the debate is lower than with the default method.

The grouped method shows similar but weaker effects, without significant
coefficients, indicating potential but uncertain bias reduction. The prompted
method, by contrast, does not significantly reduce bias and may trend toward
slightly worse order effects in the Claude-based summaries; the positive method
effect γP indicates a more thorough account of the earlier speakers than the
other approaches. However, without a significant improvement in δP , this leads
to increased order bias, as the model still fails to adequately attend to speakers
appearing later in the debate.

Overall, the larger models (Claude and GPT) behave quite differently to the
smaller models (Mistal and Phi-4). For instance, prompting the model to attend
equally to all speakers has no effect on the smaller models, while in the case of
the larger models it leads to improved speaker fidelity for early speakers (and
increases the bias in the Claude-based summaries). While hierarchical summari-
sation reduces the speaker order bias across all models, it has the greatest effect
on the smaller models as it flattens the bias and increases overall fidelity.
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5.3 Party Group Bias

In addition to speaker order bias, LLM-based summaries may also differ in how
they represent the issues, positions, arguments, and proposals put forward by
speakers from different party groups. Given that all summaries demonstrate
some order bias, we control for where interventions occur in the context when
comparing intervention fidelity (BERTScores). Similar to the speaker order bias
model, we fit a beta regression to model fidelity (BERTScore(si, ŝi)) as a function
of the speaker’s turn xi (when they speak in the debate), the square of this x2

i (to
account for the u-shaped attention), and indicator variables for each of the party
groups in the European Parliament (e.g.: PartyA,i is a binary variable indicating
if speakeri is a member of group A).

logit(µi) = β0 + β1xi + β2x
2
i + β3PartyA,i + β4PartyB,i + . . .

We centre the speaker order variable such that xi = 0 refers to a speaker in the
middle of a debate, and select the largest party (the European People’s Party in
the case of the EP) as the reference group.

Figure 5 plots the predicted marginal means for each EP party group across
the different debate summarisation methods. The predicted marginal fidelity
scores indicate that the choice of summarisation method can impact how well
the summary reflects the positions and arguments of speakers from different
political groups. For the Mistral and Phi-4 models, the default and prompted
generators performed too poorly to identify any significant bias between differ-
ent party groups. However, in the case of the generators that improved overall
fidelity (hierarchical and grouped), we find that the Phi-4 summaries attend more
faithfully to interventions made by The Left party than others. A similar pat-
tern is apparent in Claude’s default and hierarchical summaries. Notably, the
Claude-based generator, which produced the most abstractive summaries (see
Section 5.1), shows the greatest disparity in group means. Interventions from
The Left party are represented more faithfully than those from other groups,
particularly the Identity and Democracy Group.

6 Conclusions and Future Work

There is a clear benefit to summarising parliamentary data to improve accessibil-
ity, enhance transparency, and strengthen the connection between the public and
the democratic institutions that represent them. However, summarising complex
sources such as parliamentary debates presents distinct challenges. LLMs offer
a potentially promising approach for this task, given their demonstrated ability
to generate well-structured and coherent summaries across a range of domains.
However, these models also raise concerns, as they can exhibit both algorith-
mic [10,19] and social biases [1], which must be evaluated in parallel with more
conventional metrics of summary quality and accuracy. While many established
methods exist for evaluating automatically-generated summaries, they are often
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Fig. 5. Marginal mean intervention fidelity by group. Plots show the mean
predicted BERTScore for an intervention made in the middle of a debate by speakers
of different EP party groups. Error bars indicate 95% confidence interval. Higher scores
indicate that the issues, positions, arguments, and proposals, made by members of that
political group were more accurately/clearly communicated in the debate summary.

insufficient for assessing attribution accuracy in political debate contexts. In par-
ticular, it is crucial not only that a summary faithfully reflects the arguments,
positions, and proposals expressed in the debate, but also that these elements
are correctly attributed to the speakers who presented them.

To address this gap, in this work we introduced a structured framework for
generating and evaluating political debate summaries. Our framework focuses
on the substantive content of each intervention, namely issues, positions, ar-
guments, and proposals, and evaluates how accurately these are attributed and
communicated in the final summaries. By applying this framework in the context
of plenary speeches from the European Parliament, we identified several forms
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of bias present in LLM generated summaries. Hierarchical summarisation meth-
ods, which structure and aggregate content at multiple levels, proved especially
effective in producing concise and faithful summaries that attend more equally
to all speakers, regardless of their position in the debate. However, we also ob-
served domain specific biases, with some models more accurately representing
certain political groups than others. While the effect appears to be particularly
pronounced in more abstractive summarisation methods, the exact mechanism
of this bias is an important area for future work.

Going forward, our goal is to integrate these findings into a new AI-driven
platform designed to transform complex parliamentary records, such as plenary
speeches, into accessible, comprehensible summaries. Our aim is to support pub-
lic engagement with parliamentary proceedings and help bridge the gap between
citizens and their elected representatives.
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