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Abstract

We present SCOPE, a multi-agent system for
profiling news media outlets with respect to
bias, factuality, and credibility. Given an outlet
URL, SCOPE coordinates specialized agents
for article acquisition, content analysis, exter-
nal evidence search, scoring, and report gen-
eration. The system follows an MBFC-style
methodology while making intermediate evi-
dence and agent outputs inspectable through a
structured demonstration interface. On a bench-
mark of 200 media outlets, SCOPE outper-
forms LLM-only, article-only, search-only, and
media-background-check baselines on most
metrics, achieving the lowest bias and factu-
ality MAE, perfect failed-fact-check detection,
and the lowest factual error rate. These results
suggest that decomposed, evidence-grounded
agent workflows can support more transpar-
ent and reliable media profiling. Our code
is available at https://github.com/
mbaisbay/SCOPE, and a live demonstration
at https://scope-demo.streamlit.
app/. Our video demonstration is available
via the URL (clickable).

1 Introduction

The rapid expansion of online media has created
an increasingly complex and fragmented informa-
tion landscape, making it difficult for readers, re-
searchers, journalists, and policy analysts to sys-
tematically evaluate the reliability, political leaning,
and broader influence of news sources at scale.

While much work on misinformation focuses on
verifying individual claims (Xie et al., 2025; Wang
et al., 2025), detecting misleading articles, or evalu-
ating the manipulation techniques applied by media
outlets (Sajwani et al., 2024; Da San Martino et al.,
2020b), other work has emphasized outlet-level
profiling, such as estimating factuality, political
ideology, framing, stance, and propagandistic con-
tent (Zhang et al., 2019).
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Yet many real-world decisions require under-
standing the media outlet itself, including its topi-
cal focus, ownership, citation practices, audience
positioning, and past behavior.

Media profiling is particularly valuable when
claims are new, ambiguous, or hard to verify di-
rectly. In such cases, an outlet’s long-term pat-
terns offer useful context for interpreting its con-
tent. Building reliable media profiles remains chal-
lenging because relevant evidence is distributed
across many sources, including outlet articles, fact-
checking platforms, social media accounts, public
records, and independent third-party reports.

A single model may struggle to collect relevant
evidence, evaluate its reliability, reconcile conflict-
ing signals, and produce a transparent profile that
users can inspect. Media profiling is not merely
a classification task, but a multi-stage analytical
process involving retrieval, extraction, comparison,
reasoning, and explanation.

In this paper, we introduce SCOPE!, a multi-
agent media-profiling tool that distributes this work-
flow among specialized agents. Each agent per-
forms a distinct function, including data acquisi-
tion, content analysis, evidence search, or report
generation. By coordinating these agents, SCOPE
combines complementary evidence streams to pro-
duce structured and explainable media profiles.

This design aims to improve coverage, reduce
the burden on any single model, and make the pro-
filing process more transparent through intermedi-
ate evidence and agent-level outputs.

2 System Description

In this section we describe how SCOPE works,
which parts are included in the system, and the
rationale behind our design choices.
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2.1 Methodology

Media profiling requires a systematic methodology,
since assessments of bias and reliability may other-
wise become subjective. We follow the methodol-
ogy proposed by Media Bias/Fact Check (MBFC)?,
an independent media-rating organization that eval-
uates news sources with respect to ideological bias,
factual reporting, transparency, and credibility.

MBEFC evaluates each outlet through a human
review process that includes analysis of at least
ten headlines and five full news articles. The re-
view considers language, framing, tone, sourcing
practices, balance of viewpoints, and consistency
with verified external information. Additional fac-
tors, such as ownership, funding, authorship, and
editorial transparency, are also considered when
available.

The bias rating is computed as a weighted score
on a left-right scale from —10 to +10. MBFC
defines the overall bias score as

B =0.35E +0.355 + 0.15N + 0.150,

where E denotes the outlet’s economic ideology,
S its position on social values, N the balance of
its straight news reporting, and O its editorial or
opinion bias. Economic and social dimensions
receive the largest weights because they capture
the main ideological orientation of a media out-
let. Straight news balance and editorial bias are
included, since bias may also appear through story
selection, framing, omission of opposing views, or
emotionally loaded language. Negative values of
B indicate left-leaning bias, positive values indi-
cate right-leaning bias, and values close to zero
correspond to least-biased reporting.

Factual reliability is computed from failed fact
checks (C'), sourcing quality (R), transparency (1),
and one-sidedness, omission, or propaganda (M):

F =0.40C 4 0.25R + 0.25T + 0.10M.

Failed fact checks receive the highest weight as the
strongest indicator of unreliability. Sourcing and
transparency measure whether outlets provide cred-
ible evidence and disclose their ownership, fund-
ing, authorship, and editorial responsibility. The
smaller weight for M reflects its overlap with bias
while accounting for selective reporting and omis-
sion. Lower values of F' indicate higher factual
reliability.

https://mediabiasfactcheck.com/
methodology/

2.2 System and Components

While MBEC relies on human reviewers to apply its
methodology, our goal is to approximate this pro-
cess using LL.M-based agents. The evaluation pro-
cedure is coordinated by an orchestrator that man-
ages four groups of specialised agents (Figure 2).
First, an acquisition agent scrapes and caches ar-
ticles from the outlet. Second, a content-analysis
group, consisting of nine agent-based analyzers,
evaluates the articles according to the MBFC scor-
ing dimensions. Third, an evidence-search agent
retrieves information about the outlet, including
its history, ownership, funding, transparency rank-
ing, and proofs of failed fact-checks. Finally, a
report-generation agent synthesises the intermedi-
ate outputs into an MBFC-style media profile.
Each agent is assigned a narrowly defined sub-
task and produces a validated, schema-constrained
output. The orchestrator executes the agents in a
fixed order, checks whether the collected evidence
is sufficient, and then computes the bias, factuality,
and credibility scores. This modular design sepa-
rates evidence collection, content analysis, scoring,
and report generation, making intermediate deci-
sions inspectable and the final profile auditable.

Scraping. We collect up to 15 articles per outlet
using a crawler (HTTP requests paired with Beau-
tifulSoup parsing). Candidate URLs are discov-
ered from RSS feeds, Substack archives, sitemaps,
and homepages, then scored by a simple keyword-
based heuristic that prioritises politics, economy,
and world news; the top candidates are fetched with
randomised rate-limiting to avoid blocking.

Analysis. After scraping, agents analyze editorial
bias, transparency, one-sidedness, pseudoscience,
fact-checking history, economic and social posi-
tioning, and sourcing quality. They examine the
articles, outlet metadata, and evidence retrieved
from external sources. Each agent returns a label,
score, rationale, and supporting evidence. For ex-
ample, the editorial-bias agent evaluates framing,
headline tone, topic selection, and the treatment
of political actors. The sourcing agent examines
whether factual claims cite named sources, primary
documents, expert quotations, or sites. The pseu-
doscience agent identifies unsupported scientific,
medical, and conspiratorial claims using the MBFC
taxonomy.3

Shttps://mediabiasfactcheck.com/
pseudoscience-dictionary/
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o ~ Flag-Waving (1)
v Appeal_to_fear-prejudice (1)

atriotism c
Confidence:

Technique: Flag-Waving

outbreak in US

Exact span: hundreds of larvae burrow through living flesh with sharp

mouths, eventually killing their host if left untreated.
) brothers!"
Context: Description of the New World Screwworm in Article 9 about

Canada's ban on Texas livestock

Why this matches: This graphic, fear-inducing description (though factual)
functions rhetorically to alarm readers — an appeal to fear — and can

strengthen support for precautionary measures such as bans. flag-waving style appeal in rhetor

(a) Example of appeal to fear

080

Article: Article 7: Steve Rosenberg: Russia's economic forum
overshadowed by drone attacks on St Petershurg

Exact span: "It's not the author of the letter I need to respond to," President
Putin said, "but our soldiers on the frontline...I say to them: keep atit,

Context: Quote from Vladimir Putin reported in the SPIEF piece

Why this matches: The quoted exhortation appeals directly to soldiers and
national solidarity (brothers), invoking patriotic/military loyalty — a classic

ic.

(b) Example of flag waving

v Exaggeration,Minimisation (1)

Article: Article 3: The gamers taking on the industry to stop it switching
off games

Exact span: "I just hate seeing creative works effectively destroyed,"

(c) Example of exaggeration

Figure 1: Propaganda techniques detected by SCOPE in articles, shown with the exact triggering spans and
explanations. The system identifies Appeal to Fear/Prejudice, Loaded Language, Causal Oversimplification, Doubt,
and Appeal to Authority — all consistent with MBFC’s Conspiracy-Pseudoscience classification of the outlet.

To estimate the economic and social components
of the bias score, we use a two-axis framework.
This follows the view that political ideology is
not well captured by a single left—right continuum,
but is better understood as having one economic
and one social/cultural dimension (Eysenck, 1954;
Treier and Hillygus, 2009; Jost et al., 2009).

The economic axis is classically defined by one’s
stance toward equality, redistribution, and the role
of the state (Bobbio, 1996), while the social axis
captures progressive-versus-traditional positions on
cultural questions such as gender, religion, immi-
gration, and national identity (Norris and Inglehart,
2019). Both axes are scored from —10 to +10. On
the economic axis, —10 corresponds to strongly
state-interventionist positions and +10 to strongly
free-market positions. On the social axis, —10 cor-
responds to progressive-liberal positions and +10
to traditional-conservative positions. Scores near
zero indicate a centrist or mixed position on the
corresponding axis.

For each scraped article, we first determine
whether the text is relevant to either dimension.
Articles that do not discuss economic policy, social
values, civil liberties, or related political issues are
excluded from the corresponding axis. Relevant
articles are then scored on the applicable dimen-
sion. Using text to estimate ideological position
follows the same general logic as work on party
manifestos and media slant (Budge et al., 2001;
Gentzkow and Shapiro, 2010; Groseclose and Mi-
lyo, 2005). The scoring rubrics are derived from
the ideology bank covering 17 policy domains. The
details are given in Appendix D. We additionally
check the articles for loaded language and other
propaganda and manipulation techniques, consis-
tent with Da San Martino et al. (2020a) taxonomy.
See examples on Figure 1.
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Web-Search. In addition to scraped articles,
SCOPE uses DuckDuckGo search to collect ex-
ternal evidence about each outlet, including own-
ership, funding, editorial history, and third-party
fact-checking records from organizations such as
Full Fact and other independent fact-checkers.

We explicitly exclude media-rating aggregators
such as MBFC, AllSides ¢, NewsGuard > to prevent
gold-label leakage during profiling.

External knowledge base. We complement
outlet-derived evidence with independent reference
sources. The Tranco top-1M list (Le Pochat et al.,
2019) estimates outlet reach using four traffic tiers:
High for the top 10,000 domains, Medium for the
top 100,000, Low for the top 1,000,000, and Min-
imal otherwise. Press-freedom ratings from the
RSF Index (Reporters Without Borders, 2025) and
Freedom House (Freedom House, 2024) produce
a credibility adjustment of —1 for limited freedom
and —2 for no freedom.

2.3 Demonstration interface

SCOPE provides a web application that presents
each outlet profile in four tabs. The Overview tab
(Figure 3) shows MBFC-style verdicts, numeric
scores, outlet metadata, and a narrative summary
with collapsible history, ownership, and analysis
sections. The Evidence tab provides an audit trail
containing article quotes, analyzer findings, propa-
ganda spans with confidence scores, and fact-check
results. The Analyzer Trace tab displays each
agent’s structured output, while the Compare tab
places two outlets side by side.

‘nttps://www.allsides.com/
unbiased-balanced-news
Shttps://www.newsguardtech.com/
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Figure 2: Schematic pipeline of SCOPE system. Given an outlet URL, four agent groups-acquisition, content
analysis, evidence search, and report generation-are coordinated by a deterministic orchestrator to produce a

structured, evidence-grounded profile.

3 Experiments and Results

To demonstrate the usability of our system, we
run several comparative experiments. We ablate
SCOPE by comparing it against three LLLM base-
lines. The first baseline asks the LLM to make the
assessment using only its internal knowledge, with-
out any external context. The second provides the
LLM with 15 articles from the website. The third
gives the LLM access to a web search tool, while
excluding MBFC results to avoid label leakage.

We further compare SCOPE with Media Back-
ground Checks (MBC) by Schlichtkrull (2024), a
retrieval-augmented system for generating website
background checks. MBC issues seven web-search
queries, retrieves 30 documents per query, and uses
a DeBERTa-based question-answering model (He
et al., 2021) to extract key facts such as founders
and prior reports of misinformation. We use the
original implementation, replacing its unsupported
search backend with the same search tool used in
our experiments alongside the LLM to answer the
questions instead of the DeBERTa-based question-
answering model.

3.1 Data

All experiments are conducted on 200 media outlets
sampled from the MBFC catalogue, selected by
round-robin sampling across seven bias categories
and six factuality levels for broad label coverage.

We use each outlet’s MBFC bias, factuality, and
credibility labels as gold annotations, and the free-
text MBFC fields (summary, history, ownership,
analysis) as reference text for evaluating generated
reports. All systems are evaluated on the same
fixed set of collected articles.

3.2 Setup and metrics

We evaluate political leaning and factuality us-
ing MAE, following GREENER (Panayotov et al.,
2022), Manzoor et al. (2026), and related work.
MAE reflects ordinal distance: confusing Left with
Left-Center is penalized less than confusing it with
Right. Bias is ordered from Extreme-Left, Left,
Left-Center, Least Biased, Right-Center, Right, to
Extreme-Right; factuality ranges from Very Low
to Very High through Low, Mixed, Mostly Factual,
and High. We assess reports with FACTScore (Min
et al., 2023): precision measures claim support, re-
call measures MBFC-reference coverage, and error
rate is one minus precision. FC-Detection mea-
sures how often the system finds an outlet’s failed
fact checks.

To assess the content overlap of the generated
reports, we also compute METEOR (Banerjee and
Lavie, 2005) and ROUGE-L (Lin, 2004), using
the MBFC text as the reference. All experiments
use GPT-5 mini, the Pareto-optimal model in the
cost—quality comparison of Appendix A.
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BBC (British Broadcasting Corporation)

(a) Overview verdict

v Example phrases from analyzed articles

(¢) Analyzed-article phrases

0 failed published by outlet out of 11 checks found

(b) Failed fact-check signals

Bias Components

Economic 35% (2)

4.0

Social 35% (@)

-5.0

News 15% (@)

-3ut)

Editorial 15% ()

+0.0

(d) Bias components

Figure 3: BBC (a,b) and The Guardian (c,d) profiles in SCOPE demonstration interface, showing the overview
verdict, supporting failed fact-check signals, analyzed-article phrases, and bias-component scores.

3.3 Main results

Figure 4 summarises the comparison across the
approaches.

SCOPE is the strongest overall, achieving the
lowest bias MAE (0.65 vs. 1.17 for the LLM-only
baseline), the lowest factuality MAE (0.67), per-
fect fact-check detection (1.00), the best ROUGE-
L (0.16), the highest FACTScore precision (0.48),
and the lowest error rate (0.52).

It also always finds if there are failed fact-
checks by the outlet (as, for example, for Natu-
ralNews.com, as shown in the Appendix C)

The LLM with its web-search tool raises fact
recall (0.36) and METEOR (0.26), but also pro-
duces the second highest error rate (0.62), showing
that live web text increases coverage at the cost of
unsupported assertions. Adding offline articles im-
proves bias calibration over the LLM-only baseline
(0.89 vs. 1.17) but slightly hurts factuality, consis-
tent with article text being more informative about
an outlet’s stance than about its factual track record.
On the ordinal axes, SCOPE predicts the exact bias
class for nearly 50% of outlets and lands within
one ordinal class for about 90%; on factuality it is
exact for nearly 42% and within one class for about
90% (Figure 5; full breakdown in Appendix B).

The full pipeline costs only $0.054 per outlet—
comparable to the LLM-only baseline ($0.050) and
roughly half the cost of Search ($0.101).

4 Conclusion

We presented SCOPE, a multi-agent system that
transforms a single outlet URL into a structured,
evidence-grounded profile of political bias, factual
reliability, and credibility. SCOPE divides media
profiling among specialised agents for acquisition,
content analysis, evidence search, and report gener-
ation. Their typed, schema-constrained outputs are
visible in the interface, making each verdict trace-
able to its evidence rather than an opaque label.

On a 200-outlet MBFC benchmark, SCOPE
achieves the lowest bias and factuality MAE and
perfect failed-fact-check detection among the eval-
uated baselines. It also keeps 90% of predictions
within one ordinal class on both axes, at about
$0.05 per outlet.

Qualitative analysis shows that SCOPE’s evi-
dence remains useful even when its final label is
incorrect, especially for conspiracy and pseudo-
science outlets that do not fit a left-right scale.
We release the system, live demo, and leakage-
controlled evaluation code.
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Figure 4: Ablation results across eight metrics (1 higher is better; | lower is better). The full SCOPE wins on six
of eight metrics, including both ordinal MAEs, failed fact-check detection, and error rate. Search leads only on
recall-oriented metrics (fact recall, METEOR). We provide no Bias and Factuality evaluation for MBC, since it does

not provide a direct label and gives a description only.

In future work we aim to extend coverage be-
yond English-language and U.S.-centric outlets,
and to generalise the agent scaffolding to adjacent
entities such as politicians, pollsters, and govern-
ment bodies.

Limitations

Although SCOPE performs well in our evaluation,
several limitations remain and should be considered
when interpreting the results.

First, our evaluation focuses on U.S.-centric,
English-language outlets because labeled fact-
checking and media-profiling data are scarce for
other languages and regions. SCOPE itself is not
limited to English and can work with other lan-
guages. However, the lack of suitable labels pre-
vented us from evaluating its multilingual perfor-
mance. The reported results therefore may not
fully generalize to non-Western, non-English, or
low-visibility outlets.

Second, while we explicitly filter web-search re-
sults to exclude MBFC, AllSides, NewsGuard, and
similar media-rating platforms, indirect leakage is
still possible, since other sites may reproduce or
cite their ratings. We manually inspected the re-
trieved web-search traces in our experiments and
did not find evidence of such leakage, but this risk
cannot be ruled out completely.

Third, the sourcing analyzer may miss hyper-
link metadata. The scraper converts each article to
plain text, retaining the displayed anchor text but
removing the target URL and any indication that
the text was clickable. A citation embedded behind
a phrase may therefore be invisible to the analyzer
unless the source name or URL also appears in
the text. In manual testing, this sometimes led the
system to report missing evidence even when the
article linked to a relevant source. We will address
this in the next release.

Finally, conspiracy and pseudoscience outlets
can be difficult to place on a left-right political
scale. SCOPE usually captures their low factuality
and credibility, but it may occasionally assign the
wrong political direction when the outlet’s content
is anti-establishment, conspiratorial, or ideologi-
cally mixed.

Ethics and Broader Impact

SCOPE scores politically sensitive attributes of
news outlets, and such scores can be misused to
dismiss or amplify sources. Every score is backed
by inspectable intermediate evidence and withheld
when the evidence-sufficiency gate is not met. The
system is intended as an auditable assistive tool for
researchers, journalists, and analysts—not as an
arbiter of truth.
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A Model Selection

We selected the model by evaluating five candidates
on the same set of outlets (=50), while keeping
the token cap fixed, so that differences in quality-
per-dollar reflect model pricing rather than usage
variation.

Quality was measured as an equal-weight, min—
max-normalised composite of the task metrics. We
divided this quality score by cost to obtain the
quality-per-dollar metric reported in Table 1.

By this metric, GPT-5 mini is Pareto-optimal:
none of the evaluated models is both cheaper and
higher quality. It achieves a score of 12.1, about
3x higher than premium models such as GPT-5
and GPT-5.2. This comparison is based on the
LLM-only setting.

Model $/outlet Quality Quality/$
GPT-5nano  0.0110 0.086 7.8
GPT-5mini 0.0507 0.614 12.1
GPT-4.1 0.2201 0.858 3.9
GPT-5 0.2491 0.980 3.9
GPT-5.2 0.3483 0.576 1.7

Table 1: Cost—quality trade-off in LLM-only mode.
Quality is an equal-weight, min—max-normalised com-
posite over five task metrics. The recommended operat-
ing point is shown in bold.

B Ordinal Accuracy

Figure 5 gives the per-class breakdown, for both
the bias and factuality axes, behind the aggregate
within-one-class figures reported in Section 3.3.

seach n seah 5%
- g
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Share of outlets Share of outlets

Figure 5: Ordinal accuracy. It shows the share of outlets
whose predicted class is exact, off by one, or >2 classes
from the gold label, for bias (left) and factuality (right).

It shows that SCOPE keeps roughly 90% of pre-
dictions within one class for both factuality and
bias.

C Failed Fact-Check Detection Example

Figure 6 shows the “Signals at a Glance” panel
SCOPE produces for NaturalNews.com.

Signals ata Glance

4 failed fact checks published by ontlet (of 4 found)

@ Fact-checker. LeadStories

Checked claim: NaturalNews.com published an article
claiming NASA 'admits' climate change is caused by changes
in Earth's solar orhbit.

View source

@ Fact checker Leadstories

Checked claim: NaturalNews.com published an article
claiming global warming data were faked by government to fit
climate-change narratives.

View source

@ Fact-chacker. Leadstorias

Checked claim: NaturalNews.com published an article
asserting ADHD is a 'fake disease' invented by Big Pharmato
drug children.

View source

@ Fact checker Snopes

Checked claim: NaturalNews.com's presentation of
Arctic/Greeriland ice data (nsed to cast doubt on climate
change) lacked proper scale and context, producing a
misleading impression.

View source

Figure 6: “Signals at a Glance” panel for Natural-
News.com: SCOPE locates four failed fact-checks pub-
lished by external fact-checkers (LeadStories, Snopes).

D The Ideology Item Bank

The economic and social bias axes are anchored by
an offline ideology item bank.

The bank contains reference-backed indicators
organised into 17 policy domains: 7 economic do-
mains and 10 social domains.

Each domain contains nine possible positions:
four left/progressive stances, one centrist stance,
and four right/conservative stances.

The bank’s purpose is to make the scoring scale
explicit: each item describes an observable edito-
rial stance and maps it to a point on the correspond-
ing —10 to 410 axis, and in the released version
is annotated with a primary or scholarly source
supporting that mapping.

Table 2 reports the 17 domains with a represen-
tative source for each pole; where no single canoni-
cal source defines a pole, we instead cite literature
showing that the issue loads on the economic or
social/cultural dimension of ideology (Jost et al.,
2009; Treier and Hillygus, 2009; Budge et al.,
2001).

Concretely, the prompt embeds the two axis
scales and domain summaries as reference points,
fixing the scale’s meaning before the model assigns
each outlet’s economic and social scores in one
step.
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Policy domain

Left / progressive pole (grounding)

Right / conservative pole (grounding)

Economic axis

(—10 state-interventionist — +10 free-market)

Government ownership & na-
tionalisation
Taxation & redistribution

Labour, unions & minimum
wage

Corporate regulation & an-
titrust

Trade & globalisation

Social-welfare programmes

Financial-sector regulation

Public ownership of the means of production
(Marx and Engels, 1848)

Progressive and wealth taxation (Piketty,
2014; Saez and Zucman, 2019)

Collective bargaining, wage floors (Freeman
and Medoff, 1984; Card and Krueger, 1995)

Aggressive antitrust enforcement (Wu, 2018)

Managed / fair trade, worker protection (Ro-
drik, 2011)

Social-democratic welfare state (Esping-
Andersen, 1990)

Post-crisis bank regulation (Stiglitz, 2010)

Private enterprise, the “invisible hand” (Smith,
1776)

Low, flat taxation; limited state (Friedman,
1962; Hayek, 1944)

Market-set wages, labour deregulation (Fried-
man, 1962)
Deregulation;
(Stigler, 1971)
Free trade, comparative advantage (Ricardo,
1817)

Welfare-dependency critique (Murray, 1984)

regulatory-capture critique

Market discipline, free banking (Friedman,
1962)

Social axis

(—10 progressive-liberal — 410 traditional-conservative)

LGBTQ+ rights

Abortion &
rights
Immigration (social / cul-
tural)

Climate change & environ-
ment

Racial justice & equity

reproductive

Gender equality
Gun rights & control
Criminal justice

Religion & secularism
Education policy

Equal rights, anti-discrimination (Butler,
1990)

Bodily autonomy as individual liberty (Mill,
1859)

Permissive borders, inclusion (Carens, 2013;
Hainmueller and Hopkins, 2014)

Urgent, human-caused crisis (McCright and
Dunlap, 2011)

Anti-racism, structural remedy (Kendi, 2019;
Coates, 2014)

Feminist / structural equality (Butler, 1990)
Stronger firearm regulation (Jost et al., 2009)
Decarceration, reform / abolition (Davis,
2003)

Strict church—state separation (Mill, 1859)
Universal public provision (Rawls, 1971)

Traditional family / religious objection
(Burke, 1790)
Traditional morality,
(Burke, 1790)
Restriction; cultural-cohesion priority (Norris
and Inglehart, 2019)

Cost-sceptic, anti-regulation (Lomborg, 2001)

foetal personhood

Colour-blind individualism (Sowell, 1987)

Equity-feminism critique (Sommers, 1994)
Robust individual right (Sowell, 1987)
Deterrence, tough-on-crime (Sowell, 1987)

Religion in public life (Burke, 1790)
School choice and vouchers (Friedman, 1955)

Table 2: The 17 policy domains of the ideology item bank, with a representative source grounding each pole. Every
domain expands into a 4-left / 4-right / 1-centre ladder of observable editorial stances, each mapped to a calibrated
point on the —10 to +10 economic or social axis and individually cited in the released bank. These two scales and
the 17 domains are distilled into the single scoring prompt described in the main text; the items themselves are not
executed per outlet.
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