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Abstract

We present TruthSplit, an interactive system
for multi-perspective argument analysis. Ex-
isting argumentation tools typically analyze
properties of the argument itself, such as struc-
ture, quality, stance, or persuasiveness, while
leaving perspective-specific background knowl-
edge implicit. TruthSplit addresses this gap by
supporting an exploratory analysis of how the
same claim can lead to different conclusions
when interpreted through worldview-specific
values, assumptions, and conceptual definitions.
We refer to this perspective-dependent anal-
ysis as conditional validity. Given an input
argumentative text, TruthSplit extracts claims
and premises, applies a three-layer natural lan-
guage inference (NLI) approach to assess both
logical and worldview-specific normative con-
sistency, and conditions large language model
(LLM) reasoning on structured worldview pro-
files that encode core values and decision prin-
ciples. The system then generates perspective-
specific interpretations, identifies value con-
flicts and assumption gaps, and visualizes diver-
gence through interactive analytical interfaces.

1 Introduction

In an era of increasing polarization (Iyengar et al.,
2019), understanding disagreement has become
crucial. Consider universal basic income (UBI):
one person argues “I oppose UBI because it un-
dermines individual responsibility,” while another
maintains “I support UBI as it can provide individ-
uals with the financial security to engage in sustain-
able practices, which is good for the environment.”
Both may have examined the same data yet reach
opposing conclusions (Mercier and Sperber, 2011).
Traditional argumentation tools focus on identify-
ing the structure (Palau and Moens, 2009) or qual-
ity of arguments (Wachsmuth et al., 2017, 2024),
but fail to address: How can the same argument be

“Equal contribution.

valid from multiple, seemingly incompatible per-
spectives?

This is a difficult problem because disagreement
often stems not from flawed reasoning, but from
deeper structural differences: different assumptions
about how the world works (Tetlock, 2005; Kuhn,
1962), distinct value priorities (Berlin, 1969; Haidt,
2012), and varying definitions of contested soci-
etal concepts like “freedom” or “justice” (Rawls,
1993). In the previous example, one might pri-
oritize individual liberty (“freedom” as freedom
to move—positive freedom), while others priori-
tize collective security (“freedom” as freedom from
threats—negative freedom) (Berlin, 1969; Snyder,
2018). Both positions may be logically consistent
within their ideological frameworks, yet incompati-
ble under a single standard.

This points to conditional validity: the idea that
the validity of a conclusion depends not only on
the premises from which it is drawn, but also on
the values, assumptions, and conceptual defini-
tions through which it is interpreted (Rawls, 1993;
Lougheed, 2021). TruthSplit treats this as an ex-
ploratory system concept rather than a formal the-
ory of logical validity, using explicit worldview pro-
files to compare how different perspectives evaluate
the same claim-premise relations. Existing tools
fail because they assume universal correctness. Ar-
gumentation systems classify arguments as “cor-
rect” or “fallacious” (Goffredo et al., 2023) but can-
not capture how an argument might be valid from
one perspective yet invalid from another. Prior
work has focused on identifying argumentative
structures (Stab and Gurevych, 2014), improving
the persuasiveness of arguments (Xia et al., 2022),
and teaching argumentation skills (Wambsganss
et al., 2021), while computational ideology analy-
sis typically classifies perspectives (Bamman et al.,
2013; Hardisty et al., 2010) rather than generating
perspective-aware reasoning.

We present TruthSplit, a comparative reason-
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(1) Argument Input

"“The government should
implement universal basic income. =¥
Automation eliminates jobs.
Financial security enables
meaningful work."

Premises P: {Automation
Financial security enables
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(3) Perspective Conditioning
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(4) Perspective Reasoning

Libertarian

Value: Negative liberty

Reasoning: Taxation — Coercion —
Rights violation

Assumption: “Taxation without consent
violates property rights.”

Stance: Oppose

Value: Intergenerational justice

- Future stability
Assumption: “Equity enables
sustainable justice.”

Stance: Support

Reasoning: UBI -~ Reduced inequality

(5) Cross-Perspective Divergence

« Value conflict: Property rights - Collective stewardship
« Assumption conflict: Redistribution unjust
Redistribution promotes justice

« Disagreement dimension: Individual - Collective

« Common ground: Concern about poverty and long-term
societal stability
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Figure 1: Conceptual overview of TruthSplit. An inpu

P fixed; divergence arises from V,,

t argument is decomposed into a claim C' and premises P,

forming a shared factual layer that is invariant across perspectives. Structured worldview profiles V,, condition

reasoning generation, producing a reasoning layer R,,, a

n assumption layer A,,, and a stance S, for each worldview.

Cross-worldview divergence analysis identifies value conflicts, assumption conflicts, disagreement dimensions, and
common ground. Disagreement emerges from differences in normative priors rather than factual inconsistency.

ing platform that reveals how different worldviews
interpret the same arguments'. TruthSplit com-
bines a multi-stage analysis pipeline with a struc-
tured knowledge base encoding six ideological
perspectives (Libertarian, Religious-Conservative,
Ecological Social-Democrat, Populist-Nationalist,
Communist, Neo-Reactionary) with their core val-
ues, conceptual definitions, and decision frame-
works. The TruthSplit tool includes three-layer
consistency testing based on Natural Language In-
ference (NLI), semantic concept linking, and an
LLM-based worldview analysis. It supports both
local, privacy-preserving models and larger propri-
etary LLMs available through external providers
via API access to improve the quality of the analy-
sis. To help users examine perspective-dependent
disagreement, the system provides interactive vi-
sualizations that reveal worldview differences, rea-
soning trajectories, and patterns of divergence. Fig-
ure 1 illustrates the central mechanism of Truth-
Split: holding premises fixed while varying per-
spective priors to generate and analyze conditional
reasoning. TruthSplit is intended for educators, stu-
dents, researchers, and analysts seeking to explore
perspective-dependent reasoning in political and
ethical discourse.

Our contributions are fourfold: (i) Operationaliz-
ing conditional validity: we enable users to perform

'The code is licensed under the MIT license and available
at https://github.com/unisg-ics-dsnlp/truthsplit.
A video demonstration is available at:
https://www.youtube.com/watch?v=xYMCOpU8x18.

a systematic analysis of arguments across multiple
perspectives rather than assigning a single correct-
ness label. (ii) Perspective-conditioned reasoning:
TruthSplit generates explicit reasoning chains con-
ditioned on structured ideological profiles. (iii)
Interactive exploration of divergence: we provide a
visual and analytical tool that identifies value con-
flicts, assumption gaps, and points of disagreement.
(iv) Structured worldview knowledge representa-
tion: we encode different perspectives as extensible
computational profiles rather than informal prompt
descriptions.

2 Related Work

TruthSplit builds on three strands of work: compu-
tational argumentation, interactive argumentation
systems, and computational analyses of ideology
and perspective. Existing approaches provide meth-
ods for extracting argumentative structures, assess-
ing argument quality, supporting users in argument
construction, or identifying ideological leaning in
text. TruthSplit differs in that it uses structured
worldview-specific background knowledge to con-
dition the analysis of arguments. In that way, it
allows users to compare how the same claim may
be interpreted, evaluated, and explained differently
across perspectives.

Computational Argumentation NLP research
has made significant advances in argument min-
ing tasks (Lawrence and Reed, 2019), including
the extraction of claims (Levy et al., 2014), the
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identification of premises (Habernal and Gurevych,
2017), and argument structure parsing (Stab and
Gurevych, 2014). NLI has also been used to evalu-
ate argument quality (Al-Khatib et al., 2016), and
recent work has leveraged LLMs for generating ar-
guments (Eskandari Miandoab and Sarathy, 2024;
Huber and Niklaus, 2025b) and analyzing argument
quality (Wachsmuth et al., 2024; Mirzakhmedova
et al., 2024). These approaches provide important
methods for identifying, structuring, and evaluating
argumentative content. However, prior work gen-
erally does not incorporate structured background
information about different perspectives into argu-
ment analysis, and therefore does not systemati-
cally explain how the same claim may yield differ-
ent conclusions under different worldview-specific
values, assumptions, and conceptual definitions.

Interactive Argumentation Systems Interactive
systems support users in navigating, improving,
or learning argumentation. CoArgue (Liu et al.,
2023), for example, extracts and summarizes argu-
mentative elements in Community-Based Question
Answering platforms to foster participation. Other
systems visualize argument structures (Huber and
Niklaus, 2025a), support persuasive writing (Xia
et al., 2022), or teach argumentation skills through
adaptive learning environments such as ArgueTu-
tor (Wambsganss et al., 2021) and AL (Wambs-
ganss et al., 2020). TruthSplit similarly provides
an interactive interface, but focuses on comparative
analysis across ideological perspectives rather than
participation support, persuasiveness, or argumen-
tation training.

Worldview and Perspective Analysis Research
in computational social science has explored ide-
ological and perspective analysis, including meth-
ods for identifying political leanings in text (Bam-
man et al., 2013), analyzing ideological discourse
(Diermeier et al., 2012), and characterizing per-
spective differences (Hardisty et al., 2010). Such
approaches are useful for detecting or categoriz-
ing perspectives, but typically do not generate
perspective-conditioned reasoning about specific
arguments. TruthSplit complements this work by
representing worldviews as structured profiles of
values, assumptions, definitions, and decision prin-
ciples, and by using these profiles to support multi-
perspective argument analysis.

3 System Design & Architecture

The objective of TruthSplit is to reveal ideologi-
cal disagreement in arguments by operationalizing
conditional validity, i.e., the idea that a conclu-
sion may be valid given a specific set of normative
priors, values, and conceptual definitions, even if
it is rejected under alternative normative assump-
tions. Existing argumentation systems typically
assess structural quality (Wachsmuth et al., 2016)
or classify ideological stance (Lyyer et al., 2014).
In contrast, TruthSplit addresses a different compu-
tational objective: analyzing how validity depends
on perspective-specific priors. This is more similar
to how humans interpret different texts, as every
human holds some views, such as being more con-
servative or liberal leaning. For instance, under a
strictly Libertarian worldview the claim that 'All
taxes are theft’ is rational, whereas a more socially-
oriented individual would not support such a claim,
and consider it to be too extreme to be considered
rational. To achieve this, the system integrates
structured perspective representations with logical
inference and LLM-based reasoning in a unified
comparative analysis framework.

Figure 2 provides an overview of the system ar-
chitecture. TruthSplit consists of two main compo-
nents: (i) a structured worldview knowledge base
(see Section 3.1), and (i1) a multi-stage analysis
pipeline that decomposes arguments, evaluates logi-
cal consistency, conditions reasoning on worldview
profiles, and performs cross-perspective divergence
analysis (see Section 3.2). The system is designed
as an analytical and educational tool, i.e. it does
not attempt to resolve disagreement, but to make
explicit how different conclusions emerge from dis-
tinct normative starting points.

3.1 Worldview Knowledge Base

We construct different worldviews based on estab-
lished political philosophy literature and validate
them through expert participants. We discuss the
choice of worldviews further in Section 5. To cover
a broad range of views and values, the worldviews
are Libertarian, Religious-Conservative, Ecologi-
cal Social-Democrat, Populist-Nationalist, Com-
munist, and Neo-Reactionary, but these can be
extended.” Each profile contains weighted core
values, key definitions (i.e., how the worldview

*These profiles represent key positions across the political
spectrum rather than an exhaustive catalog. The format is
extensible, allowing further worldviews to be added manually.
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interprets contested terms), assumed principles, de-
cision frameworks, and factor scores for 16 ide-
ological dimensions. These factor scores make
the worldviews computational, enabling quantita-
tive comparison and systematic analysis across dif-
ferent perspectives. Since all profiles follow the
same JSON schema, new or customized world-
views can be added without modifying the core
analysis pipeline. An example profile structure is
included in Appendix A.

3.2 Analysis Pipeline

TruthSplit processes inputs through six sequential
stages that transform raw arguments into compar-
ative worldview analyses. Input can be provided
via direct text entry, file upload, or dynamically
fetched news articles from News API®. Figure 2
shows an example claim being processed by all
stages of the pipeline.

3.2.1 Argument Extraction

Natural language arguments are often implicit—
claims embedded in narrative, premises unstated,
assumptions hidden. TruthSplit decomposes text
into claims (central assertions), premises (explicit
evidence), and assumptions (unstated connecting
beliefs). For an example, see box (2) in Figure 1.
TruthSplit offers two extraction modes: (i) local
extraction using a sequence classification model
(~75-80% accuracy, fully privacy-preserving), and
(i1) cloud-based extraction via LLM with structured
prompts and JSON schema validation (~95%+ ac-
curacy). See Appendix A for model specifications
and Appendix B for prompts.

3.2.2 Consistency Testing

To assess whether the argument is conditionally
valid, we assess the logical coherence on three lay-
ers.* We use a model pre-trained on the MultiNLI
dataset (Williams et al., 2018). See Appendix A.2
for model details.

Layer 1 - Premise-Claim Logic Do premises
logically support the conclusion, independent of
value judgments? Arguments failing here have fun-
damental logical flaws. A text could for instance
contain multiple, disconnected arguments, or con-
tain unsupported claims. An initial analysis aims

3https ://newsapi.org/

“Note that these layers are a system design choice rather
than a standard NLI taxonomy: Layer 1 isolates perspective-
independent inferential support, Layer 2 conditions consis-
tency on one worldview profile, and Layer 3 compares consis-
tency scores across profiles to identify disagreement.

to uncover badly structured arguments that do not
provide value when analyzed further due to those
fundamental flaws.

Layer 2 - Perspective-Internal Does the claim
align with a perspective’s principles? A claim may
be internally consistent within one framework but
contradictory within another. The check makes
use of the six worldview profiles (Section 3.1) and
analyzes the text through the respective perspec-
tive to confirm it is internally consistent with the
worldview.

Layer 3 - Cross-Perspective Do perspectives
agree or disagree on this claim? High agreement
suggests shared values; high disagreement indi-
cates fundamental conflicts requiring analysis. The
individual worldview profiles discussed in Section
3.1 are used to provide insight into where and why
different perspectives agree or disagree.

Continuing our UBI example (Figure 2): Layer
1 tests whether “provides a financial safety net”
logically supports “would reduce poverty” (high
entailment). Layer 2 reveals divergence: for So-
cial Democrats, UBI aligns with their principle
of collective welfare (high consistency), while for
Libertarians, mandatory wealth redistribution con-
flicts with property rights (low consistency). Layer
3 confirms this fundamental disagreement across
worldviews.

3.2.3 Concept Linking and Worldview
Analysis

Certain concepts are viewed differently in certain
worldviews (see box (4) in Figure 1). For instance,
the concept of freedom means “absence of coercion”
from a Libertarian perspective, but “capability to
flourish” from Social Democrats’ point of view.
Each worldview contains concepts with a brief def-
inition or description of what they mean in the con-
text of the specific worldview. For a given input,
we identify the most relevant concepts belonging to
each worldview by calculating the cosine similar-
ity between worldview-specific concept definition
and the extracted claims. Model details and thresh-
olds for the similarity calculation are included in
Appendix A.

For worldview reasoning, we prompt LLMs
with structured context including consistency
scores, linked concepts, and full worldview pro-
files (Section 3.1). Using structured prompts
(Appendix B) and JSON schema validation, the
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Claim: UBI reduces

“UBI would reduce
poverty, provides
financial safety net”

poverty; Premise: safety
net; Assumption: people
won’t stop working

Layer 1: High entailment
Layer 2: High (SocDem),
Low (Lib); Layer 3: Disagree

Links to: redistribution,
welfare, equality
(SocDem principles)

Value conflict: equality
SocDem: Support (collective vs. property rights;
welfare); Lib: Oppose

(property rights)

3D factor space,
Convergence flow,
Divergence patterns

Assumption gap: work
incentives

Input Argument Consistency Concept Worldview Divergence Interactive
Sources Extraction Testing Linking Analysis Analysis Visualization
I I
Text, PDF Claims antic LLM Patterns Views

3-Layer NLI Sem
i

- —[Worldview Knowledge Base} -

Figure 2: Overview of the TruthSplit pipeline.

LLM generates: interpretation, position (sup-
port/oppose/conditional), reasoning chain, key as-
sumptions, concerns, and alternative approaches.
Figure 3 shows a partial view of the output format.

@ HIGH Divergence

The government should implement universal basic
income.

Premises:
+ Automation is eliminating many jobs

+ People need financial security to pursue meaningful work

@ Populist Nationalist =~ ® Oppose 4 assumptions « 3concerns v

®) Eco-Justice (& support 3assumptions « 3concens v

Figure 3: Worldview reasoning showing positions for a
UBI claim, with expandable assumptions and concerns.
This figure shows only part of the complete reasoning
output; the full analysis also includes logical chain, key
assumptions, detailed concerns, alternative approach,
and the metrics.

3.2.4 Divergence Analysis

TruthSplit then provides an analysis into how dif-
ferent perspectives disagree (see box (5) in Figure
1). This is done on the levels of value conflicts
(e.g., liberty vs. equality), which are caused by dif-
ferent prioritization issues and concepts, definition
differences where the same concept is interpreted
in different ways (e.g., “rights” as negative vs. pos-
itive claims), assumption gaps caused by a reliance
on different empirical or normative assumptions,
and priority differences where the overall values
are shared or interpreted similarly but ranked dif-
ferently (e.g., one might prioritize the need of the
many over the good of the few, even though both
agree on the overall underlying definitions). For
the analysis we use LLMs with structured prompts
to classify disagreement types and assess severity.
Figure 8 provides an example output.

The Convergence Flow component complements
this divergence analysis, and traces the reason-
ing chain from core values through beliefs, inter-

pretation, and conclusion—showing at each step
whether perspectives converge or diverge. This
reveals where disagreement originates: do the dif-
ferent perspectives share values but differ in inter-
pretation, or do they diverge from the start? The
convergence flow is shown in Appendix Figure 6.

4 User Interface

The frontend is a multi-page React application with
two main components: (i) an analysis dashboard
for claim extraction, worldview comparison, and re-
sult visualization, and (ii) an interactive worldview
chatbot for conversing with specific perspectives.

Analysis Dashboard Figure 4 illustrates the typi-
cal user interaction flow through the system. Users
begin by providing input text through direct en-
try, PDF upload, or selecting from curated news
articles. Next, the system extracts claims automat-
ically. The user then chooses up to three world-
views for comparison of the claims and configures
the analysis mode (external LLM provider, or local
privacy-preserving model).

Enter Select Review .
> > < Refine
Text Source Claims Refine
I
| I
PDF/News/Direct ~ Auto/Manual !
I
I
Choose Configure | _|  Explore !
Worldviews Analysis Results
LLM/Local 10+ Views

Figure 4: User interaction flow from text input through
claim extraction, worldview selection, and analysis con-
figuration to interactive result exploration with 10+ vi-
sualizations.

The results interface provides multiple visualiza-
tion tabs: Overview with summary metrics (Fig-
ure 5), Detailed Analysis with per-worldview rea-
soning (Figure 3), Divergence Analysis showing
disagreement patterns (Figure 8), Convergence
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Flow tracing reasoning chains (Appendix C Fig-
ure 6), Worldview Space for factor positioning
(Appendix C Figure 7), and Worldview Chat for
interactive dialogue.

Worldview Chatbot TruthSplit offers an inter-
active chatbot that embodies a selected worldview,
enabling users to engage in dialogue and probe
a perspective’s reasoning in real-time. Users can
ask follow-up questions, challenge positions, or
explore how a worldview would respond to new
scenarios—deepening understanding through con-
versational exploration.

The chatbot is based on an LLM, which can be
configured through the config files, and assumes
the position of a particular perspective profile, e.g.
a conservative view. The user can then discuss the
analysis results with the chatbot operating under
a certain perspective, or have a regular conversa-
tion with it, again while the chatbot is assuming a
certain perspective (i.e. a smalltalk setting).

The complete worldview is included in the dia-
logue context (core values, definitions, principles,
red lines) and the model is prompted to respond
consistently from that perspective. We include an
evaluation of quality of the dialogues, as well as
experiments to assess the stability, in Section 5.

Overview Reasoning Analysis  Divergence Analysis Convergence Flow Worldview Space

Total Claims

Worldview Positions
Claim Populist Nationalist Eco-Justice

The government should implement
uuuuuuuu I basic income.

Figure 5: Results dashboard: analysis summary, claims,
worldviews, and position distribution.

5 Evaluation

We conducted a mixed-methods evaluation to as-
sess whether TruthSplit makes ideological disagree-
ment more intelligible by exposing conditional va-
lidity across perspective frameworks. The evalu-
ation focused on (i) usability and interpretability
of comparative reasoning outputs, (ii) quality of
structured worldview representations, and (iii) ro-
bustness across different LLMs. The focus of our
evaluation is on the usefulness and interpretability
of the analyses, not on the correctness of the over-
all reasoning or divergence explanations. We leave
this for future work.

Study Design The study consisted of two tiers.
An expert evaluation (n=3 philosophy students) as-
sessed the coherence of each of the six worldviews,
reasoning quality, and the validity of factor encod-
ings across 16 ideological dimensions per world-
view. A broader evaluation (n=52 participants from
political science, computer science, psychology,
business, and related academic backgrounds) fo-
cused on usability, accessibility, and clarity of the
divergence analysis. All participants were recruited
from academic contexts and self-identified as polit-
ically centrist.

Usability and Accessibility Table 1 summarizes
usability results. Experts rated TruthSplit as easy to
use (4.67/5) with high visual appeal (5.00/5). The
divergence analysis was accessible to non-experts
(4.07/5), which indicates that the comparative out-
puts can be understood without philosophical train-
ing. Option selection (i.e., local vs. cloud analysis
modes) was less clearly understood (3.47/5), sug-
gesting room for interface refinement. The quality
of the claim extraction was rated moderately posi-
tively (6.67/10).

Metric Expert Broader
Ease of use (1-5) 4.67 -
Visual appeal (1-5) 5.00 4.36
Divergence understanding (1-5) 4.33 4.07

Options understanding (1-5) - 347
Claim extraction quality (1-10) - 6.67

Table 1: Usability and accessibility ratings.

Worldview Representation Validation Experts
evaluated 96 factor-worldview combinations (16
dimensions across 6 worldviews). Implemented
factor scores showed moderate positive correla-
tion with expert importance ratings (r=0.33), with
strongest alignment for Religious-Conservative and
Ecological Social-Democrat worldviews (r=0.46).
Inter-expert variance was substantial with a mean
standard deviation of 2.01 and 39% of cases with
disagreement > 5 on a 1 to 10 scale. This sug-
gests inherent ambiguity in quantifying ideological
dimensions.

Qualitative feedback consistently described Eco-
logical Social-Democrat, Libertarian, and Commu-
nist representations as coherent and reflective of
real-world political discourse. The divergence anal-
ysis was highlighted as particularly valuable for
understanding why worldviews disagree.
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LLM Robustness The outputs that were gen-
erated using different families of LLMs (Claude,
GPT, Gemini, Grok, DeepSeek) showed no signif-
icant quality differences according to both expert
and broader participants. This suggests that Truth-
Split’s structured prompting approach standardizes
worldview-conditioned reasoning across models.

6 Discussion and Future Work

The results suggest that TruthSplit succeeds in mak-
ing ideological disagreement more interpretable by
foregrounding conditional validity. Rather than
resolving disagreement, the system reframes it as
a product of differing premises and value hierar-
chies, supporting its positioning as an analytical
and educational tool rather than a decision-making
system. The study also highlights design tensions:
2/3 expert participants struggled with worldview
boundaries and definitions—a common challenge
in computational approaches to ideology (Grimmer
and Stewart, 2022). The exploratory nature and
limited sample size mean findings should be inter-
preted as indicative rather than conclusive. Future
evaluations with larger and more diverse participant
groups will be necessary.

Several promising directions emerge: (i) a cus-
tom worldview builder allowing users to define
their own ideological profiles, enabling analysis
through perspectives not currently represented; (ii)
educational integration with curriculum materi-
als for teaching critical thinking and perspective-
taking in civic education and journalism programs;
and (iii) multimodal input support to extend analy-
sis to audio and video sources.

7 Conclusion

TruthSplit addresses an important challenge in com-
putational argument analysis: analyzing how the
validity of an argument depends on worldview-
specific normative priors. Rather than assigning a
single correctness judgment, it reveals how conclu-
sions emerge from distinct configurations of values,
assumptions, and conceptual definitions. By inte-
grating argument mining, NLI-based consistency
modeling, structured worldview representations,
LLM-conditioned reasoning, and interactive visu-
alization, TruthSplit operationalizes conditional va-
lidity as a computational objective. It enables sys-
tematic comparison of how different worldviews
interpret the same argument while keeping the un-
derlying factual premises fixed. Our evaluation

indicates that users can meaningfully interpret and
trace these differences: the divergence analysis
was accessible to non-experts, and expert valida-
tion demonstrated moderate alignment between im-
plemented worldview encodings and domain intu-
ition. These findings suggest that structured world-
view conditioning provides a viable foundation for
multi-perspective argument analysis. TruthSplit
illustrates how Al systems can move beyond bi-
nary correctness judgments towards a transparent
analysis of normative disagreement. We hope this
framework supports future research on perspective-
aware NLP and fosters more informed engagement
with ideological differences.
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A Technical Details
A.1 Architecture and Stack

TruthSplit follows a client-server architecture: a
React/TypeScript frontend with Three.js (3D vi-
sualizations) and Plotly (charts), a Python Flask
REST API backend, and containerized deployment
via Docker. The system uses a unified API layer
(OpenRouter) supporting multiple LLM providers
(Claude, GPT, Gemini, Grok, DeepSeek).

A.2 NLP Models

* Local extraction and NLI: facebook/bart-
large-mnli (zero-shot classification, CPU-
only, 2-5 sec/text, ~75-80% accuracy)

* Cloud extraction: OpenRouter API with
structured JSON schema validation (~95%+
accuracy)

* Semantic embeddings: all-MiniLM-L6-v2
(Sentence-BERT) for concept linking via co-
sine similarity

A.3 Consistency Testing Thresholds

Three-layer NLI testing categorizes Cross-
worldview agreement by variance in consistency
scores: <0.05 (strong agreement), <0.15 (moder-
ate agreement), <0.25 (moderate disagreement),
>(0.25 (strong disagreement).

A.4 Worldview Profile Schema

Each worldview is encoded as a JSON pro-
file containing: core_values (name, weight,
description), key_definitions (term, defini-
tion), assumed_principles (name, priority, de-
scription), warrants (name, confidence, de-
scription), red_lines, evidence_preferences,
decision_rule (type, weight), and extensions
including factor_scores across 16 ideological
dimensions.

A.5 Performance

Complete analysis time (typical: 1 claim, 2 world-
views): Local NLP + Cloud LLM: ~12-25 sec-
onds; Cloud NLP + Cloud LLM: ~13-30 seconds.

B Prompt Templates

All prompts use structured system/user prompt
pairs with JSON schema validation enforcing re-
quired fields, enumerated values, minimum content
lengths, and nested object structures. Below is the
worldview analysis prompt as a representative ex-
ample; claim extraction, divergence analysis, con-
vergence flow, and chatbot prompts follow similar
patterns.

System Prompt: “You are an expert in political
philosophy and worldview analysis. Use the pro-
vided structured data to give precise, nuanced anal-
ysis of how different worldviews interpret claims.
Respond with structured JSON.”

User Prompt (abbreviated): Given a claim, con-
sistency scores (3 layers), worldview profile (core
values, definitions), and linked concepts, the LLM
generates: (1) interpretation (2-3 sentences), (2)
position (support/oppose/conditional), (3) reason-
ing chain (3-5 logical steps from core values to
conclusion), (4) detailed reasoning (3—5 sentences),
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(5) key assumptions (3-5 with related core values),
(6) concerns (3—5 with explanations), and (7) alter-
native approach aligned with worldview values.

C Screenshots

Figures 6, 7, and 8 illustrate the TruthSplit interface
through representative screenshots.
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Select Claim

Claim 1: The government should implement universal basic income. v Regenerate Analysis

CLAIM (All Worldviews Start Here)
The government should implement universal basic income.

KEY INSIGHT
The worldviews fundamentally diverge from the outset due to differing core values, leading to distinct reasoning paths throughout.

Primary divergence occurs at step 1

%

Step 1: Core Values

v Each worldview prioritizes different core values that shape their reasoning about UBI. The Communist values equality, the Populist
Nationalist values national sovereignty, and the Religious Conservative values moral order, leading to fundamentally different
perspectives on the role of government and individual responsibility.

L9 Differs:
The Communist focuses on equality, the Populist Nationalist on sovereignty, and the Religious Conservative on moral order.

Figure 6: Excerpt for divergence flow analysis.
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Figure 7: Screenshot of Worldview Positioning.
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Claim 1: The government should implement universal basic income.

Premises:
« Automation is eliminating many jobs.
» People need financial security to pursue meaningful work.

A Divergence Analysis

The Populist Nationalist and Eco Justice worldviews fundamentally disagree on core
values such as individual responsibility versus collective welfare, and national
sovereignty versus global stewardship. These opposing values create a significant
divide that is difficult to reconcile, as each worldview prioritizes different aspects of
society and governance.

55 Value Conflicts 2 v
22, Assumption Conflicts 2 v
Disagreement Dimensions 2 v
& Common Ground v

Figure 8: Divergence Analysis showing value conflicts, assumption differences, and disagreement severity between
worldviews.
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