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MODELLING RESPONSIVENESS IN LEGISLATIVE DELIBERATION: A
GRAPH-THEORETIC APPROACH TO REBUTTAL IDENTIFICATION
AND QUALITY ASSESSMENT

The quality of parliamentary debate is foundational to democratic legitimacy, yet
empirical assessments of deliberation often remain anchored in manual content
analysis or broad-brush sentiment metrics. These approaches, while valuable,
frequently overlook the structural dimension of discourse — specifically, the degree
to which legislators substantively respond to one another rather than delivering
isolated, pre-scripted monologues. This paper introduces a novel graph-theoretic
framework for modelling legislative responsiveness. By parsing digital
parliamentary records, we construct directed debate networks in which nodes
represent individual speech turns and edges denote explicit or implicit rebuttal
links identified through a hybrid pipeline combining speaker cue detection,
semantic contrast scoring, and graph-constrained validation. Moving beyond
simple adjacency, we derive a set of structural metrics — including network
reciprocity, transitivity, and weighted clustering coefficients — to serve as
quantifiable proxies for the integrity and depth of deliberation. We validate this
approach against a longitudinal corpus of 1,200 plenary sessions, examining how
rebuttal-graph topology correlates with legislative productivity and partisan
polarisation. High-reciprocity, densely inter-factional networks predict
substantially greater legislative output, even in polarised environments. This
research contributes a scalable, language-agnostic methodology for evaluating
parliamentary discourse, offering political scientists and democratic watchdogs a
robust new instrument for measuring deliberative responsiveness in the digital age.

Keywords: parliamentary deliberation; rebuttal identification; graph theory; legislative
discourse; computational political science.

1 INTRODUCTION

The health of a representative democracy is not merely a function of electoral
turnout or the passage of legislation; it is fundamentally anchored in the quality of
parliamentary debate (Bachtiger et al., 2018). Deliberative theory posits that
legitimacy arises from the public exchange of reasons, where legislators engage in
a dynamic process of challenge, defence, and refinement of arguments. However,
a persistent gap exists between normative deliberative ideals and empirical
measurement. For decades, political scientists have relied on manual content
analysis — a labour-intensive, small-scale approach — or broad-brush sentiment
metrics that reduce complex discourse to positive or negative valence
(Steenbergen et al, 2003). These methods, while insightful, systematically
overlook a critical dimension of deliberation: structural responsiveness.



Responsiveness, in this context, refers to the degree to which a legislator’s speech
turn directly addresses, rebuts, or builds upon a previous speaker’s argument, as
opposed to delivering an isolated, pre-scripted monologue. The failure to model
responsiveness structurally has led to an impoverished understanding of
parliamentary discourse. A debate characterised by high sentiment polarity might
be misclassified as low-quality deliberation, whereas it could represent high-
stakes, issue-focused rebuttal. Conversely, uniformly positive sentiment may
mask a series of non-responsive parallel monologues — what political theorists
call “talking past one another” (Mansbridge et al., 2010). The central challenge,
therefore, is not merely to detect what legislators say, but to map who is
responding to whom, and with what structural intensity.

Recentadvances in computational political science have begun to address this gap,
primarily through speaker transition analysis or topic modelling. Quinn et al.
(2010) used hidden Markov models to analyse agenda-setting in parliamentary
speeches, but their focus remained on topical shifts rather than argumentative
rebuttal. Similarly, Rhee and Kim (2018) employed network analysis to study co-
sponsorship networks, which capture pre-debate coalitions but fail to capture the
adversarial, turn-by-turn dynamics of the plenary floor. A more promising
direction emerges from graph theory, where discourse is represented as a
network of interacting speech acts (Eristi & Fetzer, 2021). However, existing
graph-theoretic models have largely treated adjacency as a proxy for relevance,
assuming that a speech turn always responds to the immediately preceding turn
— a demonstrably false assumption in legislative settings.

To overcome this limitation, this paper introduces a novel, scalable, and language-
agnostic methodology for modelling legislative responsiveness. Our approach
consists of three innovations. First, we develop a rebuttal identification algorithm
that combines speaker cue detection with cross-referential validation using a fine-
tuned BERT-based classifier, moving beyond simple adjacency to construct
directed debate networks. Second, we derive a suite of structural metrics —
network reciprocity, transitivity, and a novel weighted rebuttal clustering
coefficient — that serve as quantifiable proxies for deliberative integrity. Third,
we validate these metrics against institutional variables: legislative productivity
and partisan polarisation.

Our research objectives are threefold: (1) methodological — to propose and
validate a graph-theoretic framework that reliably identifies rebuttal links in
parliamentary transcripts without requiring language-specific parsers or manual
annotation; (2) empirical — to test whether the structural properties of rebuttal
networks correlate with higher-quality deliberation as independently assessed
through institutional outcomes; and (3) diagnostic — to demonstrate that
scripted, non-responsive debate formats produce star-shaped or chain-like



topologies, whilst genuine deliberation produces small-world, highly reciprocal
topologies.

Applying this framework to a longitudinal corpus of 1,200 plenary sessions
(spanning two electoral cycles) reveals that high-reciprocity rebuttal networks
are significantly associated with bipartisan bill passage, even after controlling for
majority size. Conversely, periods of high polarisation exhibit lower network
transitivity but higher factional clustering, suggesting that legislators rebut only
within their own party, creating echo chambers. The paper proceeds as follows:
Section 2 reviews the relevant literature; Section 3 details our methodology;
Section 4 presents results; and Section 5 concludes with implications for
democratic monitoring and institutional design.

The significance of this research extends beyond academic interest. Parliamentary
debates are increasingly digitised and made publicly available, creating vast
corpora that remain largely unanalysed for their structural properties. Traditional
approaches to monitoring parliamentary quality rely on journalistic accounts or
aggregate voting records, neither of which captures the discursive texture of
legislative exchange. A computational framework capable of automatically
identifying and mapping rebuttal patterns could provide transparency advocates,
comparative political scientists, and institutional reformers with an entirely new
class of evidence. It could, for instance, reveal whether proposed reforms to
speaking time or committee procedures measurably improve cross-partisan
responsiveness — a question that has hitherto been unanswerable with available
tools.

Furthermore, the timing of this contribution is propitious. The past decade has
seen rapid advances in pre-trained language models, graph neural networks, and
large-scale parliamentary corpus curation (Proksch & Slapin, 2012; Watts &
Strogatz, 1998). These developments make it possible, for the first time, to
combine high-precision linguistic analysis with structurally informed network
modelling at the scale of entire legislative terms. Our framework is designed to
leverage these advances whilst remaining computationally tractable and
interpretable — a balance that prior work has rarely achieved. By grounding the
methodology in deliberative theory and validating it against institutional
outcomes, we ensure that the resulting metrics are not merely technically novel
but substantively meaningful.

2 LITERATURE REVIEW

The study of legislative deliberation sits at the intersection of normative political
theory, empirical political science, and computational linguistics. This review
synthesises three streams of research: traditional measures of deliberative



quality, computational approaches to discourse analysis, and network models of
political interaction.

2.1 Normative Foundations and Manual Measurement

The deliberative turn in democratic theory, pioneered by Habermas (1984),
emphasised that legitimate collective decisions arise from uncoerced, reasoned
exchange among free and equal participants. Operationally, deliberative quality
has been assessed using the Discourse Quality Index (DQI), developed by
Steenbergen et al. (2003). The DQI codes parliamentary speeches along
dimensions such as justification, respect for counterarguments, and constructive
engagement. While highly influential, the DQI suffers from low scalability: a single
hour of debate can require 40 person-hours of coding. Moreover, inter-coder
reliability for responsiveness — directly addressing a previous speaker’s claim —
is notoriously low (k = 0.45 in Bachtiger et al., 2018). This suggests that human
coders struggle to reliably identify rebuttal links without explicit structural cues,
a limitation our graph-theoretic approach directly addresses.

The limitations of the DQI have prompted various refinements. Steiner et al.
(2004) applied a revised version of the index to multiple European parliaments
and found that deliberative quality varied substantially across institutional
contexts, with consensual systems generally outperforming majoritarian ones.
However, even these refined instruments retain the fundamental bottleneck of
manual coding. Attempts to automate DQI dimensions using supervised machine
learning have achieved only moderate success: automated classifiers for the
‘respect’ dimension, for example, rarely exceed an F1-score of 0.70 (Monroe et al.,
2008). This performance gap reflects the inherent difficulty of operationalising
normative concepts such as ‘constructive engagement’ in computational terms —
a challenge that our structural, graph-based approach circumvents by focusing on
observable rebuttal links rather than latent discursive norms.

A separate but related strand of scholarship has examined the role of institutional
design in shaping deliberative quality. Laver and Benoit (2002) demonstrated that
electoral rules and committee structures systematically constrain the topics and
styles of parliamentary speech. Their finding that government members speak in
more constrained, repetitive ways than opposition members anticipates our own
discovery that majority-government sessions produce more star-shaped rebuttal
networks. More recent work by Klimashevskaya and Louwerse (2022) applied
graph-theoretic coherence measures to plenary debates in four European
parliaments, finding that coherence scores predicted media salience but not
legislative output — a null result that motivates our focus on reciprocity and
cross-faction clustering as the theoretically relevant structural features.



2.2 Computational Discourse Analysis and Its Gaps

With the digitisation of parliamentary records (e.g., Hansard, the Congressional
Record), researchers have turned to natural language processing (NLP) to scale
up deliberative analysis. Early efforts used bag-of-words models to track
sentiment polarity over time (Proksch & Slapin, 2012). However, sentiment alone
cannot distinguish between ad hominem attacks and substantive policy rebuttals,
both of which may be negatively valenced. More sophisticated approaches employ
topic models to identify agenda shifts. Quinn et al. (2010) used a dynamic topic
model to show that parliamentary agendas are heavily constrained by the
executive, leaving little room for genuine back-and-forth exchange. Yet topic
models are insensitive to rebuttal: two speakers may discuss the same topic
without either responding to the other’s claims.

A more promising line of research uses argumentation mining, which aims to
extract premises, claims, and argumentative relations from text (Eristi & Fetzer,
2021). Whilst successful in controlled domains such as legal briefs, argumentation
mining in noisy, colloquial parliamentary speech remains error-prone. State-of-
the-art BERT-based models for argumentative relation detection achieve an F1-
score of approximately 0.62 on the UK Hansard (Rhee & Kim, 2018), insufficient
for reliable network construction. Our methodology addresses this limitation by
combining weak supervision with graph-constrained validation, improving
precision at the cost of some recall — a trade-off appropriate for structural
analysis.

The limitations of purely NLP-based approaches have led some researchers to
incorporate pragmatic and contextual cues into discourse analysis. Reimers and
Gurevych (2019) introduced Sentence-BERT (SBERT), a modification of the BERT
architecture that produces semantically meaningful sentence embeddings
suitable for tasks such as paraphrase detection and semantic similarity scoring.
SBERT embeddings have subsequently been applied to parliamentary corpora by
several groups, generally with promising results for topic tracking and speaker
profiling. However, their application to rebuttal identification has been limited, in
part because the adversarial logic of rebuttal makes semantic similarity an
unreliable proxy. A speaker who rebuts an opponent may rephrase and reject the
opponent’s claim, producing an embedding that is neither similar to nor clearly
distinct from the target. Our contrastive adjustment to the similarity score (R(j, j)
= cos(e;, ¢j ) — cos(ej -1, € )) directly addresses this problem.

It is also worth noting that the majority of computational parliamentary studies
have focused on English-language corpora, particularly Hansard and the
Congressional Record. This linguistic concentration reflects availability rather
than principled selection, and it risks producing methods that are in practice
language-specific despite claims of generality. Our hybrid pipeline — which



combines surface-level cue phrase detection with embedding-based similarity
and graph-constrained validation — is designed to be portable across languages:
the cue phrase lexicon can be translated and extended by domain experts, SBERT
has multilingual variants trained on over 100 languages, and the graph constraints
are entirely language-agnostic. This portability positions our framework as a
contribution not just to the analysis of English-speaking legislatures but to the
broader project of comparative deliberative research.

2.3 Network Models of Political Discourse

Graph theory offers a natural representation of discourse as a network of
interacting speech acts. Early work by Corman et al. (2002) introduced
conversational coherence metrics, treating each utterance as a node and
adjacency as an edge. However, this naive adjacency model assumes speakers
always respond to the immediately preceding speaker — a fallacy in legislative
settings where members may ignore a question or revert to a talking point from
twenty minutes prior. More recent studies have attempted to infer rebuttal links
using cosine similarity between vectorised speeches (Mansbridge etal., 2010), but
this approach fails in adversarial contexts: a well-crafted rebuttal disagrees with
the previous speaker and may exhibit low semantic similarity.

A critical advance comes from the concept of cross-referential validation, drawing
on hybrid signal integration frameworks applied in other domains of
computational analysis. Adapting this insight, we treat rebuttal detection as a
constraint satisfaction problem: candidate rebuttal links are generated by cue
phrases and semantic overlap, then validated against graph-theoretic constraints
including temporal ordering, speaker alternation, and topic coherence. This yields
a substantially more robust network than any single NLP model alone.

The small-world model of Watts and Strogatz (1998) offers a particularly relevant
theoretical lens for our work. Small-world networks are characterised by high
local clustering and short average path lengths, properties that facilitate rapid
information diffusion and coordinated collective behaviour. In the context of
parliamentary deliberation, a small-world rebuttal topology would imply that any
two speech turns are connected through a short chain of rebuttal links, and that
clusters of mutual rebuttal exist within and across party lines. Our empirical
findings are broadly consistent with this characterisation for high-quality debates:
the most productive sessions exhibit clustering coefficients and path lengths
intermediate between those of a random graph and a regular lattice, which is the
definitional signature of small-world structure. This observation bridges graph-
theoretic network science and normative democratic theory in a way that prior
work has not systematically explored.



2.4 The Missing Link: Structural Responsiveness Metrics

Existing literature lacks a set of validated, graph-derived metrics for deliberative
quality. Most network analyses of political discourse report basic descriptive
statistics: node count, edge density, or degree distribution (Eristi & Fetzer, 2021).
These fail to capture the pattern of responsiveness that normative theorists care
about. A star network (one central speaker whom all others rebut) may have high
edge density but low reciprocity, indicating a lecture rather than a dialogue. A
chain network may represent a serial monologue. What deliberative theorists
desire is a small-world, highly reciprocal network where rebuttals are exchanged
across partisan lines and cycles of challenge-response are common (Bachtiger et
al., 2018). Our paper operationalises this intuition through three novel metrics:
(1) the rebuttal reciprocity coefficient, (2) the weighted clustering coefficient for
cross-faction edges, and (3) the transitivity ratio for three-cycle detection (i.e., A
rebuts B, B rebuts C, C rebuts A — a genuine debate).

3 RESEARCH METHODOLOGY

This section presents the original methodology for rebuttal identification and
graph-theoretic quality assessment. Our pipeline consists of four stages: (1) data
acquisition and preprocessing, (2) hybrid rebuttal link detection, (3) directed
graph construction, and (4) metric derivation.

3.1 Data and Preprocessing

We analyse a longitudinal corpus of 1,200 plenary sessions from a mid-sized
Westminster-style parliament (2005-2015), comprising 48,712 individual
speech turns. Transcripts were obtained from the official parliamentary record,
converted to plain text, and segmented into speaker turns using timestamps and
speaker labels. Each turn was annotated with speaker party affiliation, speaker
role (government/opposition/backbencher), and a unique node identifier.
Stopwords, punctuation, and non-verbal markers (e.g., [Applause]) were removed
for NLP modules but retained for cue phrase detection.

3.2 Hybrid Rebuttal Identification Algorithm

Rather than relying on a single classifier, we employ a three-stage hybrid
approach that integrates weak signals through constrained optimisation.

Stage 1: Cue Phrase Detection. We compile a lexicon of 42 rebuttal cue phrases
(e.g., “as my colleague stated,” “to address the previous speaker,” “contrary to
what was just argued,” “I would rebut,” “the honourable member forgets”). Using
regular expressions, we generate candidate rebuttal edges from turn i (earlier) to
turn j (later, j > i) if a cue phrase in turn j references turn i via speaker title or a
proximal temporal reference. This yields an initial candidate set C_cue with high
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precision (=80%) but low recall (=30%).

Stage 2: Semantic Cross-Reference. For all pairs (i, j) not captured by cue phrases,
we compute the cosine similarity between Sentence-BERT (SBERT) embeddings
of the two speech turns. To avoid capturing mere topical similarity rather than
rebuttal, we introduce a contrastive adjustment: the rebuttal score R(j, j) = cos(e;,
ej ) —cos(ej -1, € ), where a genuine rebuttal should be more similar to the target
turn i than to turn j’s immediate predecessor. We add (i, j) to C_sem if R(j, j) >
0.25, determined via grid search on a validation set of 500 manually annotated
turns.

Stage 3: Graph-Constrained Validation. The key innovation is to resolve conflicting
candidates using graph-theoretic constraints. We construct a bipartite graph of all
candidate rebuttals from C_cue U C_sem. Conflicts arise when a single turn j has
multiple plausible rebuttal targets. We resolve this as a maximum-weight directed
forest problem with the following constraints: (a) temporal constraint —
rebuttals must go forward in time (i < j); (b) speaker alternation constraint — a
speaker cannot rebut themselves (no self-loops); (c) reciprocity incentive — if (i,
j) is selected, we weakly encourage (j, k) for some k to model exchange; and (d)
uniqueness constraint — each turn j can rebut at most one previous turn. The
optimisation is solved via the Hungarian algorithm. On a held-out test set of 1,000
manually coded turn-pairs, our hybrid method achieves precision = 0.79, recall =
0.68, F1 = 0.73, substantially outperforming the baseline adjacency model (F1 =
0.34) and the pure BERT argumentation miner (F1 = 0.62).

The choice to frame rebuttal detection as a maximum-weight matching problem
deserves additional justification. An alternative approach would be to treat it as a
multi-label classification task, allowing each turn j to be assigned multiple rebuttal
targets simultaneously. We experimented with this design in pilot analyses but
found that it produced an unacceptably high rate of spurious edges, particularly
in debates where a speaker paraphrases multiple previous arguments before
advancing a counter-claim. The uniqueness constraint, while theoretically
simplifying, proved empirically well-motivated: in our gold-standard annotation,
over 84% of speech turns that contained any rebuttal link contained exactly one
primary rebuttal target. The remaining 16%, in which multiple targets were
plausible, were precisely the cases where the graph-constrained validation
produced the greatest accuracy gains over single-model baselines, suggesting that
the constraint helps to resolve genuine ambiguity rather than merely imposing an
arbitrary restriction.

An important preprocessing consideration concerns the handling of procedural
interruptions. Westminster-style parliaments frequently feature interventions —
brief interjections by a member during another member’s speech — which are



recorded in the official transcript as separate speech turns despite often being
only a few words in length. Naively treating all turns as equally valid rebuttal
candidates would flood the candidate set with spurious very-short-to-long edges.
We therefore apply a minimum turn length threshold of 50 tokens for inclusion as
a rebuttal source, whilst retaining all turns (including short interventions) as
potential rebuttal targets. This asymmetric filtering reflects the pragmatic reality
that a substantive rebuttal requires sufficient argumentative content to constitute
a genuine challenge, whereas any speech turn, however brief, may serve as the
target of a later rebuttal.

3.3 Graph Construction and Metrics

From the directed rebuttal graph G = (V, E), we derive three classes of metrics,
summarised in Table 1. Additionally, we compute the Gini coefficient of out-
degree to detect star-shaped scripted formats (high inequality) versus distributed
responsiveness (low inequality).

The selection of these four metrics reflects both theoretical and empirical
considerations. Reciprocity (p) is the most direct operationalisation of the
deliberative ideal of mutual engagement: a legislature in which speaker A rebuts
speaker B and speaker B subsequently rebuts speaker A is exhibiting precisely the
kind of reasoned exchange that deliberative theorists such as Habermas (1984)
and Mansbridge et al. (2010) regard as constitutive of legitimate democratic
decision-making. Weighted clustering (C_w) captures a higher-order structural
feature — not just whether two legislators exchange rebuttals, but whether their
exchange is embedded in a broader network of inter-factional engagement. A
debate in which government and opposition members rebut each other across
multiple sub-groups, rather than in isolated dyads, is structurally richer and, we
argue, deliberatively superior. Transitivity (T) operationalises the ideal of
extended argumentative chains, in which a claim introduced by one speaker is
challenged, refined, and challenged again by subsequent participants.

Table 1: Structural metrics of deliberative responsiveness.

Metric Formula & Interpretation

Reciprocity (p) p = (# mutual edges) / (# total edges). Proportion of
rebuttals that are reciprocated. High p indicates genuine
dialogue.

Weighted Clustering (C_w) | Mean weighted triadic closure across cross-party edges.
High C_w signals densely inter-factional deliberative
engagement.

Transitivity (T) T = (3 X # directed 3-cycles) / (# connected triples).
Prevalence of A»B—C—A exchange cycles representing




Metric Formula & Interpretation

genuine adversarial deliberation.

Out-Degree Gini (G) Gini coefficient of rebuttal initiation. High G indicates
star-shaped (scripted) format; low G indicates
distributed responsiveness.

3.4 Institutional Covariates

To validate the metrics, we collect two institutional variables per session: (1)
legislative productivity — number of government bills passed in the following 30
days (lagged to avoid simultaneity); and (2) partisan polarisation — mean
absolute difference in ideal points estimated from roll-call votes via DW-
NOMINATE, scaled to [0, 1]. We estimate the following hierarchical linear model:

Productivity_st = ¢ + B1p_st + B2C_w,st + B3T_st + B4Polarisation_st + y_s +
€ st

where s indexes legislative sessions, t indexes time (weeks), and y_s are session
fixed effects capturing time-invariant institutional variation.

4  RESULTS

Applying the methodology to the 1,200 plenary sessions yields several striking
findings. The rebuttal graphs exhibit wide variation in topology, validating our
expectation that not all debates are structurally equivalent.

4.1 Descriptive Statistics

Over all sessions, mean reciprocity p = 0.18 (SD = 0.12), mean cross-faction
weighted clustering C_w = 0.09 (SD = 0.07), and mean transitivity T = 0.11 (SD =
0.09). These averages mask significant temporal and institutional variation.
During periods of minority government (2007-2009), reciprocity increased by
47% (p < 0.001) relative to majority periods, consistent with the theory that
electoral insecurity forces cross-party engagement. Question Period sessions
showed pronounced star-like topologies with high out-degree Gini (mean G =
0.67) and low reciprocity (mean p = 0.05), whilst opposition-initiated debates
showed significantly higher reciprocity (p = 0.31, t(398) = 18.2, p < 0.001) and
transitivity (T = 0.19 vs. 0.04).

4.2 Hypothesis Testing

The hierarchical linear model results are presented in Table 2.



Table 2: Hierarchical linear model predicting legislative productivity (N = 1,200 sessions;
R? conditional = 0.43).

Predictor Estimate () Std. Error p-value
Intercept 1.12 0.21 <0.001
Reciprocity (p) 2.43 0.54 <0.001
Cross-faction clustering (C_w) 1.87 0.78 0.016
Transitivity (T) 0.95 0.92 0.301
Polarisation —1.34 0.47 0.004
Majority size (seats) —0.02 0.01 0.082

Reciprocity p is the strongest positive predictor of subsequent legislative
productivity (B = 2.43, p < 0.001), even after controlling for polarisation and
majority size. A one-standard-deviation increase in p (0.12) is associated with
0.29 additional bills passed in the following month — a substantively large effect
given the mean monthly productivity of 1.8 bills. Cross-faction clustering C_w is
also a significant positive predictor (f = 1.87, p = 0.016), indicating that inter-
party rebuttal density contributes independently to legislative output.

Polarisation has a negative coefficient (§ = —1.34, p = 0.004), but the interaction
between polarisation and reciprocity is positive and significant (_interaction =
1.12, p = 0.027). This suggests that in highly polarised settings, reciprocity
becomes more valuable: when parties are far apart ideologically, rebutting across
the aisle — even adversarially — is associated with greater productivity, whilst
silence or parallel monologues are not. This finding challenges the conventional
wisdom that polarisation uniformly degrades deliberation; instead, it may
reshape its topology.

To further probe the mechanisms underlying these associations, we conducted a
series of robustness checks. First, we re-estimated the main model excluding the
ten sessions with the highest reciprocity values, to ensure that results were not
driven by outliers. The coefficients for p and C_w remained statistically significant
and directionally consistent, though slightly attenuated (f_p = 2.11, p < 0.001;
B_C_w = 1.54, p = 0.031). Second, we replaced the DW-NOMINATE polarisation
measure with an alternative based on roll-call agreement rates, finding
substantively identical results. Third, we tested whether the effects of reciprocity
varied by the type of legislation under debate (government bills versus private
members’ bills), and found that the positive association between p and
productivity was significantly stronger for government bills (§ = 2.91, p < 0.001)
than for private members’ bills (§ = 1.23, p = 0.048). This pattern is consistent
with the interpretation that government bill passage is more sensitive to the



quality of floor debate, since such bills typically require active negotiation across
party lines rather than relying on pre-committed majorities.

We also examined whether the relationship between rebuttal-network topology
and legislative productivity holds at different stages of the parliamentary
calendar. Separating sessions into early-term (first 12 months), mid-term, and
late-term (final 12 months) reveals an interesting temporal heterogeneity: the
association between reciprocity and productivity is weakest in early-term
sessions (B = 1.87, p = 0.012), strongest in mid-term sessions ( = 2.76, p <
0.001), and intermediate in late-term sessions (8 = 2.18, p < 0.001). This pattern
may reflect the fact that early-term parliaments are still establishing negotiation
norms and coalition arrangements, whilst mid-term sessions represent the peak
of active legislative bargaining. The attenuation in late-term sessions may reflect
an ‘end-game’ effect, in which parties shift resources toward electoral positioning
rather than legislative output. These temporal dynamics suggest that future
research should model the co-evolution of rebuttal-network structure and
legislative behaviour over the parliamentary cycle.

A further noteworthy finding concerns the composition of cross-faction clustering.
Disaggregating C_w by faction pair reveals that the positive association with
productivity is primarily driven by government-main-opposition rebuttal
exchanges, rather than by interactions involving smaller parties. This is consistent
with the institutional reality that legislative passage in Westminster systems
requires the government to negotiate principally with the official opposition
rather than with minor parties. Rebuttal exchanges involving minor parties, whilst
normatively valuable as indicators of inclusive deliberation, appear to have a
weaker direct link to legislative output in our data. This finding does not diminish
the importance of including minor parties in deliberative analysis; rather, it
suggests that different structural metrics may be appropriate for different
normative goals — C_w computed across all faction pairs for assessments of
inclusivity, and C_w restricted to the government-opposition dyad for predictions
of legislative efficiency.

One notable null result: transitivity T was not significantly associated with
productivity (p = 0.301). Post-hoc analysis suggests that whilst three-cycle
rebuttals (A-»B—C—A) are normatively appealing, they are rare in practice
(occurring in only 12% of sessions) and may indicate circular, inconclusive
arguments rather than productive exchange. This finding tempers normative
expectations: small, reciprocal dyads appear to matter more for legislative output
than complex triadic structures.



5 CONCLUSION

This paper introduced a graph-theoretic framework for modelling responsiveness
in legislative deliberation, moving beyond sentiment and topic models to capture
the structural backbone of democratic exchange. Our hybrid rebuttal
identification algorithm — combining cue phrases, semantic contrast scoring, and
graph-constrained validation — achieves robust performance (F1 = 0.73) without
requiring language-specific parsers. The derived metrics (reciprocity, cross-
faction clustering, transitivity) offer scalable, interpretable proxies for
deliberative quality. Empirically, we demonstrate that high-reciprocity rebuttal
networks robustly predict future legislative productivity, even in polarised
environments, whereas star-shaped topologies characteristic of scripted question
periods do not.

These findings carry two immediate implications. First, for political scientists, our
methodology provides a tool for testing classic deliberative theories at scale. Does
institutional redesign — such as time limits or formal rebuttal rights — actually
increase network reciprocity? Our framework can address this question
empirically. Second, for democratic watchdogs and parliamentary services,
automated rebuttal graphs could be visualised in real time to alert citizens when
debate degenerates into non-responsive monologue. The language-agnostic
nature of our approach means it can be applied to any digitised parliamentary
record across linguistic and institutional contexts.

Limitations include moderate recall (0.68), meaning some rebuttals are missed,
and the assumption of a single outgoing rebuttal per turn. Future work will relax
this constraint using hypergraph models and will explore higher-order constraint
resolution for multi-target rebuttals. Extending the framework to multi-party
systems with coalition dynamics and to bicameral legislatures with committee-
stage deliberation also remain important open challenges. Nevertheless, this
paper establishes a powerful, original methodology for measuring the pulse of
legislative deliberation — one rebuttal at a time.

The broader implications of this work extend to the emerging field of
computational democracy monitoring. As parliamentary transcripts become
increasingly available through open-data initiatives, there is growing demand for
automated tools capable of producing interpretable quality assessments without
the resource demands of manual coding. Our framework contributes to this
agenda by demonstrating that structural network metrics — computed entirely
from the topology of rebuttal links, without any lexical or semantic analysis of
speech content — can serve as robust predictors of institutional outcomes. This
purely structural approach has the advantage of being immune to the ideological
and linguistic biases that can distort content-based quality assessments: it does



not matter, for our metrics, whether the rebuttal is courteous or aggressive,
whether the argument is sound or fallacious, or whether the language is English,
Slovenian, or Arabic. What matters is the pattern of who responds to whom, and
with what structural regularity.

Finally, this paper contributes to an emerging synthesis between deliberative
democratic theory and computational social science. For too long, these two
traditions have developed in parallel, with political theorists producing normative
frameworks that remain unvalidated at scale, and computational researchers
producing analytical tools that lack theoretical grounding. Our work demonstrates
that graph-theoretic network analysis can serve as a bridge: the structural metrics
we derive — reciprocity, cross-faction clustering, transitivity — are not arbitrary
technical constructs but direct operationalisations of theoretical concepts that
deliberative scholars have articulated for decades. Conversely, the empirical
validation against legislative outcomes provides theorists with evidence about
which structural features of deliberation actually matter for democratic
performance, rather than which features are merely normatively desirable in the
abstract. We hope this synthesis will encourage further collaboration between
these complementary research traditions.
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