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LLMs.

 Calculate and visualize SBERT embeddings for finding thematic
differences between political parties.

e Conduct in-depth reading of relevant speeches and refine information
from the visualizations into interpretations.

Figure 1:
Visualizing Embeddings

Scatterplots are showcasing parliamentarians from opposing
groups of each parliament across the four thematic subcorpora.
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War Ukraine-Russia War 13.4/10.6 -0.08 /-0.30 GB
Healthcare Covid 30.1/22.5 0.17/-0.35 CON 0.1
Ukraine
Focus % (Pro-UA* / Pro-RU*)  Sentiment (Pro-UA* / Pro-RU%*)
EU Language Policy 10.30 / 47.50 -0.34/-0.55 MSZP-frakcio 0
War Legislations in War 9.60/22.40 -0.41 /-0.58
Healthcare Organ Transplantation 16.80/1.10 0.03/-0.88 _ HU
Hungary Fidesz - KNDP _0.1
Focus % (Fidesz-KDNP / MSZP) Sentiment (Fidesz-KDNP / MSZP)
EU Corruption Charges 16.70 / 30.9 -0.38/-0.48 3DS 0.9
War Constitution Defense 13.4/29.5 -0.32 /-0.52
Healthcare Covid 24.3/9.5 -0.13/-0.52 Sl
Slovenia SD I 0.3
Focus % (SDS / SD) Sentiment (SDS / SD)
EU Tax Coffers 6.90/10.8 -0.04/0.02
War Veteran Pensions 2.2/5.0 -0.30/-0.32 ¢Orl3X, pOnoodnok, ¢riP 0.4
Healthcare Healthcare System 14.2/8.0 -0.26 /-0.48 UA
Pro-Ukraine* - ¢bMM.¢p€C.pYOAP Selected BERTopic subtopics highlighting the contrasting focuses ¢5|‘| [ ’ C])GC, q)y ‘D' AP
Pro-Russia* - pOIN3XX.doOnob6nok.prP between opposing political groups. —-0.5
2014 2015 2016 2017 2018 2019 2021 2022 2023

Challenges ) ’
N\ [ )

e Data — the different volumes of the thematic subcorpora limit the
interpretability of the results and likely affect the generalizability of the Quarterly, GB healthcare Quarterly, HU eu
sentiment model and reproducibility of the topic modeling. — — .
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» Ontology — crafting a more concrete definition of polarization to aid

o> Aot 62 S > ko o o>

T < NSNS 2 2
) 15
75)’7’ »LQ'L ,LQ'\, ,Lg’\ ,LQ'\- ,Lg’\c’ ,LQ'\-S ,LQ’\(’ ,LQ'\-‘) ,LQ’\ ,LQ\-Q’ ,Lg\b ,LQ\-Q’ '7/0{‘ '10\:‘ '7/0{‘ '10\:\ ,Lg\% ,LQ'\-% ,LQ\% '10‘\% ,Lg\g ,LQ'\-Q' ,LQ'&Q 7’0\9 ,Lg'l ,LQ'Y«O Q’lQ ,Lg'l ,7’07} S ,7’(57} ,Lg'i\‘ ,7’(37:)’ N4

meaningful feature selection/identification and post-analysis. I St Y T R A P
 Qualitative post-analysis for unsupervised methods — the principled
incorporation of corpus-based approaches in post-analysis could positively
impact reliability.
» Standardization of computational methodology.
» LLMs and Human readability — Inclusion of explainable Al and white-box
. methods to aid interpretation and post-analysis. )

Figure 3:
Cosine Differences and Sentiments
Numerical difference of embedded opposition and coalition speeches (blue); average sentiment (red); and quarterly volume of speeches.
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