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Figure 1: Dataset Construction and Consensus LLM Annotation Framework. Left: We construct a centralized news annotation
database by aggregating news articles from the Microsoft PENS dataset and AllSides Center: Three differently prompted LLMs
generate span-level annotations, and a mediator adjudicates consensus across model outputs. Right: LLM consensus annotations
are compared against crowd (MTurk) and expert committee annotations using a custom aggregation algorithm.

Abstract

As large language models (LLMs) are increasingly deployed as
evaluators of online content, questions arise about their reliability
as auditing agents, particularly in high-stakes domains such as
misinformation detection. We develop a human-informed taxon-
omy to classify polarizing language and examine whether safety-
aligned (i.e., RLHF- and instruction-tuned) commercial LLMs exhibit
severity-dependent detection patterns. We operationalize severity
using two label categories, persuasive propaganda (lower severity)
and inflammatory language (higher severity), and measure detec-
tion patterns as variation in model labeling across these categories
in everyday news media. Using a multi-annotator LLM committee
with adjudication, we compare LLM performance against both ex-
pert in-house annotations and real-world crowd annotations in a
free-form minimum-one-span setting, where at least one annotation
must be made per paragraph.

In pilot evaluations of our annotation tool and span-level pipeline,
LLMs achieve an article-level F1 of 0.707 and category-level F1 of
0.931 relative to expert annotations. Even so, agreement drops

*These authors contributed equally to this work.

against crowd annotations (article-level F1 = 0.530). Low human-
human agreement (article-wise F1 = 0.49; « = 0.07) highlights
the inherent difficulty of identifying polarizing rhetoric and sug-
gests closer alignment between LLM and expert interpretations.
Category-level analyses further reveal lower recall for higher-severity
inflammatory language among LLMs, indicating potential false-
positive aversion under safety alignment. Rather than framing these
discrepancies as model failure, we interpret them as evidence that
evaluator agents require fine-grained, severity-aware auditing. As
in-progress and future work, we are expanding the dataset, testing
additional annotation configurations, and refining prompt calibra-
tion to improve ground-truth reliability. We also plan to examine
how LLM evaluators respond to different levels of polarizing lan-
guage. Overall, we contribute a human-centered evaluation frame-
work and outline directions for severity-aware meta-evaluation of
LLM-based auditing pipelines.
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1 Background and Introduction

Fact-checking does not scale [1, 19]. Millions of news articles are
published annually, while misinformation continues to erode pub-
lic trust in journalism and democratic discourse [4, 34, 41]. Al-
though explicit false claims and misinformation can often be veri-
fied through claim-level fact-checking [49], much contemporary
online manipulation operates implicitly, through framing, exag-
geration, emotionally charged rhetoric, and subtle provocation
[29, 31, 39]. This form of implicit misinformation is partially true
at the sentence level, yet misleading at the narrative level, making
it resistant to traditional verification pipelines.

One scalable proxy for implicit manipulation is polarizing lan-
guage [13]. Since polarizing language (persuasive propaganda and
inflammatory rhetoric) co-occurs with misinformation [10], au-
tomated detection of linguistic patterns of rhetorical distortion
may offer a scalable proxy approach that decreases the time of
claim-by-claim fact-checking [21, 44, 50]. These signals range from
structured persuasion techniques to emotionally provocative dis-
course that escalates tension or division [14, 16]. Given this need
for scalable detection, LLMs are increasingly deployed as evaluator
agents in moderation [22, 30], misinformation detection [7, 8], and
auditing pipelines [23]. Recent work further demonstrates their
use in large-scale annotation workflows. For example, Wang et
al. show that ensembles of LLMs can produce high-agreement la-
bels for election-related harmful social media content through a
“wisdom-of-the-crowd” aggregation strategy [52]. Similarly, prior
work has explored LLM-assisted labeling for multimodal election
misinformation datasets using consensus-based aggregation and
human validation [28]. While these approaches offer broad acces-
sibility and strong general-purpose reasoning, emerging research
highlights systematic limitations in using LLMs as scalable evalua-
tors: safety-alignment mechanisms, often operationalized through
reinforcement learning from human feedback (RLHF) and related
post-training techniques, may induce conservative behaviors such
as false-positive aversion (FPA) or over-refusal [9, 12]. In high-
uncertainty settings, these mechanisms can discourage models from
engaging with or labeling high-severity charged content. A critical
question, therefore, emerges: Can safety-aligned LLMs reliably
detect high-severity rhetorical manipulation in everyday news
articles?
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This question is particularly urgent given the dual pressures
shaping commercial LLM deployment. On one hand, LLMs demon-
strate strong zero-shot and few-shot performance in classification,
stance detection, and content moderation tasks [17, 33, 37]. On the
other hand, their conservative alignment objectives, designed to
minimize harmful or incorrect accusations, may create blind spots
in tasks that require identifying subtle but high-severity rhetorical
manipulation.

This tension becomes particularly salient in the context of exist-
ing computational approaches to propaganda and persuasion detec-
tion. Prior work has primarily focused on short-form content such
as tweets, comments, headlines, or isolated claims and sentences
[25, 35, 48]. Most systems primarily operationalize propaganda as
a binary classification problem [38] or rely on source-level repu-
tation signals rather than span-level rhetorical analysis. However,
inflammatory rhetoric often operates differently from structured
propaganda. Rather than persuading through argumentation alone,
inflammatory language provokes emotional arousal, escalates hos-
tility, and fosters division, often without explicit slurs or overt
policy violations [24, 47]. Existing detection frameworks frequently
subsume such rhetoric under hate speech or toxicity, overlooking
more subtle forms of manipulative provocation (e.g., [2, 46]).

Despite its central role in political discourse and digital polariza-
tion, the fine-grained detection of inflammatory language in full-
length news articles remains underdeveloped. To address this gap,
we introduce a structured, human-centered taxonomy of polarizing
language grounded in political communication and misinformation
scholarship (e.g., [10]). Our taxonomy distinguishes between Persua-
sive Propaganda (exaggeration, slogans, bandwagon appeals, over-
simplification, doubt) and Inflammatory Language (name-calling,
demonization, scapegoating). This framework enables standard-
ized span-level annotation across both human and machine evalua-
tors and supports fine-grained analysis beyond binary propaganda
detection. We operationalize this taxonomy through a human-in-
the-loop annotation pipeline applied to full-length news articles.
We collect both expert and crowd (Amazon Mechanical Turk) an-
notations to examine model performance alongside variability in
human judgment. We then evaluate a multi-annotator LLM com-
mittee with adjudication against these human baselines using a
span-level comparison framework.

Our pilot analyses reveal three interrelated patterns that compli-
cate simple narratives of model performance. First, LLM annotations
align closely with expert judgments (article F1 = 0.707; category F1
=0.931 under a free-form span setting), suggesting moderate expert-
level reliability in early evaluations. Second, agreement drops rel-
ative to crowd annotations (article F1 = 0.530), and expert—crowd
agreement is itself low (article F1 = 0.494; & = 0.065 binary), high-
lighting the inherent subjectivity of rhetorical classification. Third,
initial category-level analyses suggest uneven detection: while over-
all span overlap is strong, LLMs exhibit comparatively lower recall
on higher-severity inflammatory categories, consistent with a con-
servative labeling tendency.

These findings are preliminary and derived from a pilot dataset
of 12 selected news articles; ongoing work extends this framework
to a substantially larger corpus and additional annotation configura-
tions. Rather than framing discrepancies as model failure, we posi-
tion them as evidence that evaluator agents require severity-aware,
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benchmark-explicit auditing before large-scale deployment. By ex-
amining not only where LLMs agree with human annotators but
also how agreement depends on the chosen benchmark and sever-
ity threshold, this work contributes to emerging efforts in human-
centered auditing of Al systems and ongoing discussions within the
CHI community about the responsible deployment of Al tools to
mitigate misinformation while preserving transparency and human
oversight. Our work addresses the following research question:

(RQ1) How reliably and transparently do AI models detect
and explain inflammatory and polarizing language in full-
length news articles compared to human judgment?

Our expected and preliminary contributions are fivefold: (1) a
structured taxonomy of polarizing language grounded in communi-
cation theory, (2) a span-level meta-evaluation framework for audit-
ing evaluator LLMs, (3) empirical evidence of category-level detec-
tion disparities consistent with false-positive aversion, (4) a human-
in-the-loop annotation platform for rhetorical analysis, and (5) a
publicly released dataset and evaluation pipeline to support future
research in Al auditing and misinformation detection. By centering
both expert judgment and real-world annotation variability, this
work advances a more realistic model of Al-assisted misinformation
detection: one that recognizes rhetorical subtlety, human disagree-
ment, and the need for severity-aware auditing in evaluator agents.

2 Empirical Study Design

Here, we describe our evolving study design, including the construc-
tion of the news dataset, development of the human annotation
platform, gold-standard aggregation procedures, and the multi-
agent LLM evaluation architecture. These components are part
of ongoing experiments aimed at refining span-level comparisons
between human and model annotations.

2.1 Dataset Construction

We constructed our evaluation dataset from a subset of 6,336 Mi-
crosoft PENS! news articles integrated with AllSides Media Bias®
metadata through a multi-stage labeling and filtering pipeline. The
corpus spans a politically diverse range of outlets, including main-
stream sources (The New York Times, BBC, CNN) and partisan
publishers (Infowars, Breitbart, Daily Kos). To construct our dataset,
we aggregated the raw PENS corpus. We used GPT-4 to classify
each article into one of six predefined categories (health, legal ar-
guments, crime, science, environmental issues, or politics). GPT-4
inferred the article’s news source: in many cases, the outlet name
appeared explicitly in the body, often in a copyright or attribution
line at the end (e.g., "© [Outlet Name]"), which made source extrac-
tion reliable. Entries with missing or indeterminate sources ("no
label") were removed to maintain dataset quality. We then matched
extracted sources to canonical entries in the AllSides dataset to
merge corresponding political bias ratings (left, center, right).

To ensure article comparability and reduce annotation burden,
we further filtered the dataset to ensure (1) all articles were between
300 and 700 words and (2) the dataset contained a balance of articles
across political representation. This process yielded 551 candidate

!https://www.kaggle.com/datasets/divyapatel4/microsoft-pens-personalized-news-
headlines
Zhttps://www.allsides.com/
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articles. For the initial validation, we randomly selected 12 full-
length news articles for annotation. These articles contained 34-38
paragraph units after segmentation and formatting normalization.
Paragraph-level segmentation was adopted to enable fine-grained
span-level comparison between human and model annotations [18]
and to reduce annotator cognitive fatigue.

2.2 Human Annotation Platform and Procedure

We developed a custom web-based annotation tool using React and
Firebase and deployed it as a Human Intelligence Task (HIT) on
Amazon Mechanical Turk (MTurk) 3. A screenshot of the annotation
tool is provided in Appendix B. The platform is deployed via Vercel
for scalable access and iterative experimentation. The interface
allowed annotators to read full-length news articles and highlight
spans of 4-25 words corresponding to rhetorical strategies. Crowd
workers were provided access to the full article for contextual ref-
erence, but content in paragraph-level units allowed annotators to
focus on localized rhetorical signals without being overwhelmed by
the full article at once [11]. For each highlighted span, annotators
assigned one of three primary labels: i) Inflammatory Language
(IL), ii) Persuasive Propaganda (PP), and iii) No Polarizing Lan-
guage (NPL), along with their respective subcategories. Each label
was accompanied by explicit definitions and illustrative examples
(e.g., neutral, positive, negative framing distinctions), developed
through close linguistic analysis of subtle political framing patterns
in consultation with a political science expert and three research
team members. See Figure 2 for the complete label schema.

We recruited multiple batches totaling 36 MTurk participants.
We required Turkers to hold a Master’s qualification and maintain
a high approval rating. No additional screening or exclusion crite-
ria were applied based on demographic or other participant data.
Each participant annotated one article. With three independent
annotators per article, we obtained three annotations for each of
the 12 articles. Before accessing the annotation task, participants
were required to complete onboarding instructions and view a short
voice-dubbed tutorial video embedded in the annotation platform.

2.3 Aggregation and Gold Standard Dataset

To construct a structured human reference dataset, raw span an-
notations were conservatively clustered prior to evaluation. Spans
were merged only when they referred to the same article and para-
graph index, when one normalized span contained the other, and
when they shared at least two overlapping non-stopword tokens. To
ensure stability, spans required support from at least two annotators
to be retained. Paragraphs without qualifying spans defaulted to No
Polarizing Language (NPL). This conservative clustering procedure
produced the gold standard dataset used for subsequent evaluation.
See Algorithm 1 for details on span-level agreement computation
and the construction of the gold standard dataset.

Initial inter-annotator agreement was assessed separately on
the raw pre-consolidation annotations using Krippendorff’s a, a
reliability coefficient [32] appropriate for multiple annotators and
nominal categories. Agreement was computed at the paragraph
level (n = 38 units) under both a three-class taxonomy (NPL, Per-
suasive, Inflammatory) and a binary collapse (Polarizing vs. NPL).

Shttps://www.mturk.com/



HEAL, April 15, 2026, Barcelona, Spain

Khatiwada, et al.

Polarizing Language

Persuasive Propaganda

Inflammatory Language

Casual

is made to sound
artificially much
bigger, better, or
worse than it
really is — or, the
opposite, made to
sound smaller or
less serious than
it actually is.

issue is blamed on
just one cause or
explained with one
simple answer,
ignoring all the
other factors that
are probably
involved.

tries to make the
audience
question
whether a
person, group,
or institution is
competent,
honest, or
legitimate.

something just
because
“everyone else”
already supports
it.

This relies on
social pressure
and popularity, not
evidence.

phrase used to
spark emotion or
support a cause.
Slogans simplify
complex ideas
into a few words.
They can be
positive or
negative in tone.

problem or crisis.
¢ This is almost
always aimed at
groups (not
individuals) and
links them to
larger social,
economic, or
moral problems.

Exaggeration . D Doubt Bandwagon Slogans Scapegoating Name-Calling Demonization
Oversimplification
o Usi ¢ Describin
. ¢ When people are ¢ Ashort, « Blaming an entire US".].Q At Y
¢ When something + When a complex « Language that positive or people or groups
told to support memorable group for a broad

negative label to
shape how the
audience feels.
Instead of giving
evidence, the
speaker uses
emotionally
charged wording
to discredit or
glorify.

as evil,
dangerous,
disgusting, or
less than human.
The goal is to
turn the audience
against the target
by making them
sound like a
threat to society.

Figure 2: The taxonomy of polarizing language was developed from prior literature on misinformation and propaganda
[10, 21, 44], and refined through consultation with an expert political scientist and three research team members. (See Appendix
E for complete definitions, detailed explanations of each category and subcategory, and illustrative examples.)

Algorithm 1 MTurk Span Aggregation and Gold Standard Con-
struction

Require: Paragraphs py, .. ., p;,; annotations A where each entry is (i, £, s, ¢): para-
graph i, Turker ¢, span s, label ¢ € {IL, PP}
Ensure: Gold standard G
1: G0
2: fori « 1tomdo
Let A; be all annotations in paragraph p;
4 Cluster spans in A; using MATCH(+, -)
5: for each cluster C do
6: support(C) « number of unique Turkers who contributed a span to C
7
8

if support(C) > 2 then
s « representative span from C

9: ¢ < majority label in C
10: Add (i,s,¢) to G
11: end if

12: end for

13: if no span was added to G for paragraph p; then
14: Add paragraph label (i, NPL) to G

15: end if

16: end for

17: return G

Match rule. MATCH(s1, s2) = 1 iff one normalized span contains the other and
they share > 2 overlapping non-stopword tokens.

Krippendorff’s a« was computed as @ =1 — g—'z, where D, denotes
observed disagreement and D, expected disagreement based on the
empirical label distribution. Agreement was calculated separately
for expert and MTurk annotator groups. We additionally report
total coder-label counts to contextualize category prevalence, as
skewed distributions influence expected disagreement.

24

To evaluate LLM performance as annotators, we implemented a
committee-of-agents architecture. This approach, increasingly com-
mon in recent LLM literature, aggregates multiple independent
model judgments to improve robustness and reduce variance (e.g.,
[40]). In this setup, LLMs serve strictly as evaluators rather than
as content generators. The architecture consisted of three indepen-
dent annotator agents drawn from two prominent commercial LLM

Multi-Agent Evaluation Architecture

families (two GPT-family and one Gemini-family), followed by a
GPT-family adjudicator agent that reconciled disagreements and
produced the final output. Model selection was pragmatic rather
than theoretically driven. As this study represents preliminary test-
ing, we intentionally selected models from accessible and stable
families that were straightforward to deploy, integrate, and replicate
within our evaluation pipeline.

Each annotator received identical system instructions contain-
ing: (1) a formalized rhetorical codebook defining Inflammatory
Language (IL), Persuasive Propaganda (PP), and No Polarizing Lan-
guage (NPL); (2) strict JSON schema constraints specifying required
fields, allowed category and subcategory enums, and paragraph-
index alignment; (3) extraction constraints limiting spans to 4-25
words; and (4) a conservative labeling directive requiring NPL when
uncertainty or ambiguity was present.

Specifically, annotators were instructed: “Extract exact spans
(4-25 words), no ellipses or paraphrasing. Annotate per paragraph.
Be conservative: label only Persuasive Propaganda or Inflammatory
Language when the language is explicit and clearly matches a defi-
nition; if unsure, choose No Polarizing Language. Return only valid
JSON, with no additional explanation.”

To introduce controlled variation in interpretive emphasis, we
assigned each annotator a distinct disciplinary persona through
explicit role framing. Annotator A was instructed: “You are Annota-
tor A, a political communication scholar. Strictly follow the codebook
and JSON schema. Be conservative: if unsure, choose No Polarizing
Language.” Annotator B was instructed: “You are Annotator B, a
linguistics and discourse analyst. Your strength is correct subcategory
selection. Be conservative: avoid over-labeling; if unsure, choose No
Polarizing Language.” Annotator C was instructed: “You are Anno-
tator C, a high-precision media psychology expert. Be conservative:
only label when rhetoric is explicit; if unsure, choose No Polarizing
Language.” Thus, we enforced a conservative labeling scheme across
LLM roles that emphasized precision and deliberate annotation. The
complete system prompts for all annotator and adjudicator roles are
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included in Appendix A. All outputs were required to follow a prede-
fined JSON schema. Minor structural deviations (e.g., missing fields,
inconsistent casing, misplaced subcategories) were automatically
normalized through repair procedures including enum standard-
ization, category inference, NPL canonicalization, paragraph-index
recovery, and metadata completion.

The adjudicator agent was framed through the following system
instruction: “You are the Adjudicator, a methods-oriented political
scientist overseeing three annotators. It received the structured JSON
outputs of all three agents and was explicitly constrained to select
only from spans proposed by the annotators. It was prohibited
from inventing new spans and permitted to merge only exact du-
plicates (identical category, subcategory, span text, and paragraph
index). This constraint ensured that the final annotation reflected
structured consensus rather than generative synthesis.

To ensure consistent paragraph-level coverage, we implemented
two configurable aggregation policies during system development:
Exact-One and Minimum-One. Under the Exact-One policy, exactly
one annotation is retained per paragraph. If multiple polarizing
spans are predicted within a paragraph, only the most specific span
(operationalized as the longest token span after normalization) is
retained. If no polarizing span is identified, a canonical No Polar-
izing Language (NPL) placeholder is assigned. This policy enforces
a strict one-to-one correspondence between human and model
annotations at the paragraph level. Under the Minimum-One pol-
icy, all predicted polarizing spans within a paragraph are retained.
However, each paragraph is guaranteed to contain at least one an-
notation; if no polarizing span is identified, an NPL label is assigned.
Unlike Exact-One, this policy does not artificially restrict the num-
ber of annotations per paragraph and therefore allows one-to-many
comparisons between model and human annotations. Although ear-
lier iterations of our system used the Exact-One policy to simplify
one-to-one evaluation, we ultimately adopted the Minimum-One
policy for all reported analyses. This choice reflects our methodolog-
ical preference for preserving the full expressive range of span-level
predictions rather than constraining outputs to a single annota-
tion per paragraph. The Minimum-One policy better reflects the
natural distribution of rhetorical signals within paragraphs while
maintaining paragraph-level coverage via the NPL fallback rule.

2.5 Evaluation Procedure

We conducted paragraph-indexed span matching between human
and LLM annotations using a structured alignment procedure. Dur-
ing preprocessing, each article was segmented and explicitly in-
dexed at the paragraph level. A human and LLM span were treated
as a match only when (i) they referred to the same article (normal-
ized title match), (ii) they came from the same paragraph index, (iii)
one span’s normalized text (lowercased, trimmed) was a contiguous
substring of the other (to allow boundary expansions/contractions),
and (iv) they shared at least two overlapping non-stopword tokens.
To avoid inflated scores from duplicate alignments, we used greedy
one-to-one matching, allowing each human span to be matched to
at most one LLM span (and vice versa).

We report span-level precision, recall, and F1, category-level
recall, and exact category and subcategory agreement on matched
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spans. See Algorithm 2 for the detailed evaluation plan. Impor-
tantly, our paragraph-level enforcement policy mitigates inflated
performance by assigning the majority-class label “No Polarizing
Language” (NPL). Because each paragraph is required to receive an
explicit annotation, conservative overuse of NPL directly reduces
recall for Inflammatory Language (IL) and Persuasive Propaganda
(PP) categories. This design enables us to detect severity-dependent
suppression patterns and systematic under-detection of higher-
intensity rhetorical language.

3 Preliminary Findings

This section reports preliminary quantitative findings on span-level
overlap between human and LLM annotations. All comparisons
are conducted on the same set of 12 underlying news articles; both
Turker and Expert annotations were collected on this shared article
subset rather than on separate corpora. In addition to aggregate
alignment measures, we analyze distributional patterns and detec-
tion skew to explore potential severity-dependent differences in
annotation behavior. We report two levels of evaluation metrics.
Article-level metrics assess whether the LLM and human annota-
tors marked any overlapping span within the same paragraph, and
compute precision, recall, and F1 based on paragraph-level overlap.
Category-level metrics are computed only on overlapping spans
and evaluate whether category and subcategory labels match, again
using precision, recall, and F1. Throughout the results, we refer to
two annotation datasets. The Expert HIT denotes our in-house
annotation study conducted with trained annotators. The Turker
HIT refers to our MTurk annotation study conducted with crowd
workers. For clarity, we use the terms “Expert” and “Turker” going
forward, while retaining the original identifiers when referencing
specific experimental runs.

3.1 Aggregation Policy Effects

We compare two paragraph-level enforcement policies. As shown
in Table 1, Exact-One produces higher alignment scores across both
datasets. Under Minimum-One, alignment decreases at the article
level due to increased mismatches in span overlap. Because annota-
tion counts are constrained under Exact-One, precision, recall, and

Algorithm 2 Span-Level Evaluation: LLM vs Human Annotations

Require: LLM annotations L, Human annotations H
Ensure: Precision, Recall, F1
1: Normalize all spans (lowercase, trim whitespace)
: TP« 0,FP « 0,FN «< 0
: for each span ¢ € L do
if there exists h € H such that same article and paragraph index, substring
containment, and > 2 overlapping non-stopword tokens then
TP —TP+1
Mark h as matched
else
FP «— FP+1
9: end if
10: end for
11: for each unmatched span h € H do
12: FN «<FN +1
13: end for
14: Precision « %
15: Recall — 775~

. 2-Precision-Recall
16: F1 Precision+Recall
17: return Precision, Recall, F1

W
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Table 1: Comparison of paragraph-level aggregation policies
across Turker (Hit) and Expert (Hit) datasets.

Turker Expert
Exact-One Min-One Exact-One Min-One

Article Precision 0.579 0.500 0.842 0.659
Article Recall 0.579 0.564 0.842 0.763
Article F1 0.579 0.530 0.842 0.707
Category F1 1.000 0.909 0.969 0.931
Human Annotations 38 39 38 38
LLM Annotations 38 44 38 38

F1 are identical under that policy. The reduction under Minimum-
One reflects structural differences in span overlap rather than a
fundamental shift in annotation behavior.

3.2 LLM Alignment: Turker vs. Expert
Annotations (Minimum-One)

Table 2 compares LLM alignment under the Minimum-One policy
against Turker (crowd) and Expert (in-house) annotations. Under
the Minimum-One policy, LLM alignment is substantially higher
with Expert annotations than with Turker annotations at the article
level (F1 difference = +0.177). Category-level alignment is high in
both cases, with only a modest improvement relative to Experts
(+0.022), suggesting that once span overlap occurs, label agreement
is relatively stable. The larger gap at the article level indicates that
disagreement is primarily about whether a paragraph is polariz-
ing, rather than how it is categorized once identified. This pattern
suggests that LLMs more closely approximate expert-level detec-
tion thresholds than crowd-level judgments. However, this does
not necessarily imply expert-level semantic equivalence; instead, it
may reflect shared conservatism or similar boundary-setting behav-
ior. Importantly, the LLM committee produces the same number
of annotations across both datasets (44), while human annotation
volume differs slightly. Thus, differences in alignment are driven by
qualitative span overlap rather than output quantity. Our findings
highlight that model performance is highly sensitive to the choice
of human benchmark and underscore the instability of “ground
truth” in subjective rhetorical tasks.

To further examine the nature of these discrepancies, we analyze
the raw subcategory confusion patterns between LLM predictions
and pooled MTurk annotations. Figure 3 compares LLM-predicted
subcategories against pooled MTurk annotations, ordered by in-
creasing severity from top to bottom. A clear pattern of severity
compression emerges: higher-severity categories (e.g., Demoniza-
tion) are more frequently assigned by humans but are often mapped
by the LLM to lower-severity categories (e.g., Exaggeration). As
severity increases, agreement systematically declines.

3.3 Human-Human Agreement and
Inter-Annotator Reliability

Agreement between Experts and Turkers is low at the paragraph
(article) level (F1 = 0.494; see Table 3), indicating substantial dis-
agreement about whether a paragraph is polarizing at all. However,
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at the category level, agreement on overlapping spans is perfect (F1
= 1.000), suggesting that disagreement is primarily about detection
thresholds rather than category interpretation. Binary Krippen-
dorff’s & between Expert and Turker labels across shared para-
graphs is 0.065, further reinforcing minimal agreement beyond
chance at the binary presence/absence level. This pattern shows
that the dominant source of variability lies in whether polarizing
language is identified at all, rather than in how it is categorized
once identified.

Table 2: LLM alignment under the Table 3: Agreement be-
Minimum-One policy: Turker vs. tween Turker and Expert

Expert datasets. annotations (Min. One).
Turker Expert Metric Value
Article Precision 0.500 0.659 Article Precision 0.500
Article Recall 0.564 0.763 Article Recall 0.487
Article F1 0.530 0.707 Article F1 0.494
Category F1 0.909 0.931 Category F1 1.000
Human Annotations 39 38 Turker Annotations 39
LLM Annotations 44 44 Expert Annotations 38

Within-group reliability is also modest (Table 4). Expert annota-
tors demonstrate higher internal consistency than Turkers (binary
a =0.356 vs. 0.262), though both fall within ranges commonly associ-
ated with subjective interpretive tasks. The 3-class reliability scores
are lower for both groups, reflecting additional ambiguity intro-
duced by severity distinctions. Collectively, these findings suggest
that polarizing language detection is a threshold-sensitive, interpre-
tive task with limited stability across annotator populations. The
instability of human agreement complicates claims of a singular

Figure 3: LLM vs. Raw MTurk subcategory confusion matrix.
Rows represent pooled MTurk annotations (ordered by in-
creasing severity from top to bottom), and columns represent
LLM predictions. Darker cells indicate higher agreement.
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Table 5: Raw coder-label

Table 4: Krippendorff’s « counts (pre-consolidation).

within annotation groups.

Expert Turker
3-Class ¢ Binary o NPL 84 46
Persuasive 53 78
Expert 0.246 0.356 Inflammatory 7 29
Turker 0.126 0.262
Binary NPL 84 46
Binary Polarizing 60 100

“ground truth” and underscores the importance of specifying which
human benchmark LLM systems are expected to approximate.

4 Thematic analysis of Turkers rationales

Turker rationales demonstrate both thoughtful engagement and
substantial variability in how polarizing language is interpreted.
Many relied on what might be termed journalistic objectivity heuris-
tics, equating balanced tone, factual detail, and attribution with the
absence of polarization (e.g., “neutral, fact-based, and balanced man-
ner,” “sticks to verifiable details,” “fairly represents both Democratic
and Republican perspectives”). It suggests an implicit “straight-
news = non-polarizing” rule, which may overlook subtle rhetorical
manipulation embedded in framing, selection, or insinuation.

At the same time, when spans were flagged, decisions frequently
hinged on salient surface cues such as slogans, dramatic metaphors,
or promotional exaggeration (e.g., ““Whatever it takes to win’ looks
like a slogan,” ““latest legal whiplash’... dramatizes the legal situa-
tion,” “calling a 146% increase. .. ‘staggering’...”). While this indicates
sensitivity to overt persuasion signals, it also suggests the possi-
bility of overgeneralization, in which ordinary emphasis or genre
conventions may be conflated with manipulation. High-severity
accusations were treated more cautiously, with several workers
indicating reluctance to assign strong labels unless evidence was
explicit (“I didn’t think there was much polarizing language... I tried
to find anything. .. ”). Ambiguity surrounding quoted speech further
complicated judgments, as rhetoric embedded in legal complaints or
political statements was sometimes viewed as reporting rather than
endorsement (“the most vivid... language comes directly from their
legal complaint”). These patterns mirror the severity-dependent
detection profile observed in LLM outputs: lower-severity rhetor-
ical devices are more readily identified, whereas higher-severity
categories are underassigned due to uncertainty.

5 Discussion

Here, we discuss general observations from our findings, with par-
ticular attention to how such systems could be thoughtfully de-
ployed in real-world news-reading environments, the central aim
of this work.

5.1 LLMs as Assistive Detectors

As stated in the motivation and introduction, detecting polarizing
language is inherently difficult. Under real-world conditions: lim-
ited time, cognitive load, and unfamiliarity with content, non-expert
readers are unlikely to identify such language consistently. Our
MTurk study was intentionally designed to simulate this reality:
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annotators had 15 minutes, no prior domain training beyond brief
label instructions, and no opportunity for iterative calibration or
discussion. Under these constraints, disagreement is not a method-
ological flaw but a realistic baseline that reflects the variability of
non-expert judgments in applied settings.

The moderate agreement between Turkers and expert annota-
tors (Article-level F1 = 0.494, see Section 3.3) shows that polarizing
language is not universally recognized in the same way. Experts
and non-experts appear to operate with meaningfully different
mental models of what constitutes polarization. This divergence
is critical: if the goal of deployment is to assist everyday readers,
then expert-only benchmarks risk overlooking the population we
intend to support. Against this backdrop, the LLM alignment pat-
terns become more interpretable. Under the Minimum-One setting,
LLMs align more closely with Experts (F1 = 0.707) than with Turk-
ers (F1 = 0.530), see Section 3.1. When experts are treated as the
gold standard, this suggests that contemporary LLMs can approxi-
mate expert-level annotation patterns more reliably than untrained
human readers under time pressure. In other words, LLMs may
already function as assistive tools that elevate non-expert detection
performance toward expert norms. In deployment contexts aimed
at assisting everyday readers, this raises an important design ques-
tion: Should systems reflect expert norms, crowd intuitions, or
some calibrated middle ground?

5.1.1 Severity-Dependent Detection and False-Positive Aver-
sion. At the same time, LLMs do not fully replicate expert nuance.
The severity-ordered confusion patterns demonstrate a systematic
underdetection of higher-severity polarizing categories (see Sec-
tion 3.2). LLM recall decreases for higher-severity inflammatory
language, even when lower-severity persuasive content is reliably
flagged. This could mean models are more comfortable labeling low-
severity rhetorical devices (e.g., exaggeration) than high-severity
forms. This pattern also suggests a form of false-positive aversion:
commercial LLMs are optimized to avoid confidently assigning
high-severity labels when uncertainty exists [3, 45]. Such aversion
is consistent with broader alignment training objectives, where
models are rewarded for caution and hedging [43]. In contrast, ex-
pert annotators are more willing to make categorical high-severity
judgments. Crucially, this is not simply a performance deficit; it is
a structural property of alignment training. Conservative labeling
may reduce over-flagging and preserve user trust, yet systematic
under-detection of high-severity rhetoric risks attenuating precisely
the forms of polarization that are most socially consequential. Thus,
while LLMs appear “good enough” relative to expert benchmarks
for low-to-moderate severity detection, their performance profile
is not uniform across the severity spectrum.

5.1.2 Implications for Assistive Deployment. Overall, ongoing
work suggests that LLMs are not replacements for expert judgment,
but they may serve as practical bridges between expert standards
and real-world reading conditions. If scaled datasets reproduce
these patterns, deployment may be viable, particularly in assistive,
decision-support roles rather than as autonomous arbiters. In prac-
tice, when a reader encounters a news article, an assistive deploy-
ment model could surface polarizing spans and provide lightweight
explanations or category labels. Rather than replacing human judg-
ment, such scaffolding would surface otherwise subtle rhetorical
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cues, helping readers notice patterns they might have missed under
time pressure.

Over time, repeated exposure to flagged examples and structured
labels may support learning by reinforcing pattern recognition and
category differentiation. Research in the learning sciences shows
that spaced repetition and retrieval practice improve long-term
retention and conceptual discrimination [6, 20]. Similarly, media
literacy interventions suggest that guided reflection and repeated
exposure to tasks can strengthen critical evaluation skills [15, 42].
In this sense, LLMs may function less as final judges and more as
media literacy companions, augmenting attention, scaffolding re-
flection, and gradually strengthening users’ independent detection
skills. A natural extension of this work would be to experimentally
evaluate such augmentation directly, for example, by comparing
annotators operating independently versus those provided with ini-
tial LLM-flagged candidate spans or feedback. While such designs
introduce challenges in maintaining annotator independence and
avoiding anchoring effects, they offer a promising avenue for as-
sessing whether Al-assisted annotation can meaningfully improve
human sensitivity to high-severity rhetorical manipulation.

Future work should explore calibration strategies that retain LLM
conservatism while improving sensitivity to high-severity polariza-
tion, alongside interface designs that transparently communicate
uncertainty. Rather than asking whether LLMs are perfect detectors,
a more pragmatic framing may be: Do they provide structured,
benchmark-aware support that meaningfully improves de-
tection relative to unaided reading conditions? Our findings
suggest a cautious yes, albeit with clear and systematic limitations.

6 Final Position and Future Directions

We argue that LLM evaluator systems require category-level audit-
ing rather than relying solely on aggregate metrics. High overall
F1 scores can mask systematic underdetection in high-severity cat-
egories, particularly when safety alignment discourages confident
assignment of controversial or sensitive labels. We also note that
our pilot dataset (12 Microsoft PENS articles) contains relatively
few overtly polarizing instances, with a strong skew toward No
Polarizing Language. This class imbalance likely inflates majority
agreement and suppresses recall for inflammatory content. Future
work will address this limitation through more balanced sampling
and targeted resampling of articles with higher concentrations of
polarizing language, enabling more precise separation of safety-
induced conservatism from dataset imbalance effects. Even within
naturally occurring news distributions, our findings suggest that
aggregate metrics alone are insufficient for evaluating evaluator re-
liability, as safety alignment may introduce subtle domain-specific
blind spots in rhetorical analysis tasks.

As LLMs are increasingly positioned as auditing agents [53],
recent work has shifted toward adaptive, model-centric evalua-
tion frameworks. For example, FACT-AUDIT proposes dynamic
multi-agent assessment of fact-checking capabilities beyond static
classification metrics [36]. Our work aligns with and extends this
trajectory. Rather than evaluating claim correctness, we audit span-
level rhetorical detection within the full news article, with particular
attention to severity-dependent suppression. In doing so, we con-
tribute to a broader research agenda of meta-evaluating evaluator
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agents, examining not only what models predict but also where
and under what thresholds their predictions systematically diverge.

Future work extends in four directions. First, we are scaling
from the pilot subset to a 551-article corpus, enabling robust testing
across diverse sources and political orientations. This expansion in-
cludes a large-scale MTurk baseline annotation phase, followed by
deployment of an LLM verification workflow in which participants
review and accept or reject model-generated spans. A structured
disagreement step will capture corrective labels, generating data for
retraining and systematic failure analysis. Second, we are exploring
few-shot prompting strategies to reduce model conservatism and
examine whether observed failures are driven by safety-induced
bias rather than underlying capability limitations.

Third, establishing reliable ground truth remains challenging.
Initial expert and MTurk annotations showed low inter-annotator
agreement (Table 4), reflecting disagreement about what consti-
tutes polarizing language. This challenge mirrors findings from
prior human-AlI collaborative annotation studies, where subjective
tasks such as political ideology classification exhibit substantial
interpretive variability across annotators [51]. Although we miti-
gated this using a two-of-three agreement threshold, ongoing work
focuses on guided interfaces to improve non-expert consistency to-
ward expert-level judgment. Strengthening human ground truth is
a prerequisite for meaningful automated evaluation. Fourth, we en-
vision packaging this work into a configurable annotation platform
that supports evolving schemas and research goals, foregrounding
flexibility rather than fixed workflows. Researchers could adapt an-
notation schemas, switch between multiple labeling goals, modify
interaction modes, and refine workflows as their research questions
evolve. The contribution would not be “another annotation tool,”
but rather a framework explicitly designed for configurability and
iterative research settings.

Fifth, and most critically, our long-term goal is to integrate these
findings into a Personal Informatics (PI) real-time news reading
tool that generates LLM-driven, in-situ interventions as proposed
in earlier work [26, 27]. Building on prior efforts to develop modu-
lar, browser-based infrastructures for misinformation analysis and
intervention [27], we extend this paradigm to integrate calibrated
evaluators within interactive reading environments. Rather than
using LLMs solely for post-hoc auditing, we aim to embed detection
models directly into the news consumption interface, highlighting
polarizing language and providing contextual explanations as users
engage with full articles. Prior work has shown that LLM-generated
explanations can significantly influence human judgment and con-
fidence during news annotation tasks [51], showing both the po-
tential and the responsibility of designing explanation interfaces
that support reflective reasoning rather than uncritical reliance.
The objective of such a system will not be to censor content, but
to support reflective consumption, promote critical reading, and
increase awareness of rhetorical framing strategies. By combining
validated detection pipelines with human-centered interface design,
the PI tool will deliver timely, explainable feedback that helps read-
ers recognize inflammatory and persuasive techniques in everyday
news. If successful, this research will advance real-time polarizing
language detection and help address the growing disparity between
misinformation prevalence and scalable verification capacity [5]. By
combining structured human annotation, evaluator-agent auditing,
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guided interface design, and in-situ interventions, we aim to support
the responsible integration of Al evaluators into digital information
systems while preserving human agency and interpretive judgment.

7 Conclusion

Our pilot findings highlight a central tension in deploying safety-
aligned LLMs to evaluate polarizing language. Although the overall
performance of the models appeared reasonable, and aggregate
alignment with expert annotations appears moderate, category-
level analyses reveal uneven performance across severity levels. In
particular, higher-severity inflammatory rhetoric is comparatively
under-detected, suggesting a conservative labeling tendency con-
sistent with false-positive aversion. Rather than indicating whole-
sale model failure, this pattern reflects a structural trade-off: the
same guardrails that promote responsible behavior may attenuate
detection sensitivity in evaluative contexts where identifying high-
severity rhetoric is essential. At the same time, human annotation
itself is unstable. Low agreement between expert and crowd annota-
tors demonstrates that polarizing language detection is inherently
threshold-sensitive and interpretive. These results complicate sim-
plistic benchmark comparisons and show that model evaluation
depends critically on which human standard is chosen. As LLMs
are increasingly integrated into information systems for misinfor-
mation detection and other high-stakes decisions, this limitation
becomes especially important.

Importantly, improvements in annotator consistency emerged
not from model changes, but from redesigning the human anno-
tation workflow, reminding us that evaluator auditing is as much
a human-centered design problem as a modeling one. Robust au-
tomated systems depend on robust human ground truth. Beyond
polarizing language detection, our findings invite broader reflection
on how evaluator LLMs should be benchmarked, calibrated, and
responsibly deployed in socially sensitive domains.

While safety alignment promotes responsible behavior, it may
also introduce blind spots in high-severity detection tasks. Contin-
ued refinement of both human annotation workflows and evaluator-
agent auditing frameworks is essential for building reliable, scal-
able systems for analyzing polarizing language in everyday news.
We aim to prompt discussion within CHI and HEAL on building
evaluator systems that are transparent, calibrated to context, and
positioned as support, not authority.
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A Appendix. LLM Annotation Protocol and
Consensus Pipeline

LLM-Based Multi-Annotator Configuration

Models and Roles

e Annotator A — OpenAl (-openai-model, default:
gpt-5.1)
e Annotator B — Gemini (-gemini-model, default:
gemini-3-pro-preview)
e Annotator C — OpenAl (—openai-model, default:
gpt-5.1)
o Adjudicator — OpenAl (-adjudicator-model; de-
faults to gpt-5.1 if unspecified)
Model-Role Prompts
Annotator A “You are Annotator A, a political commu-
nication scholar. Strictly follow the codebook and JSON
schema. Be conservative: if unsure, choose ‘No Polarizing
Language.”
Annotator B “You are Annotator B, a discourse analyst. Your
strength is correct subcategory selection. Be conservative:
avoid over-labeling; if unsure, choose ‘No Polarizing Lan-

guage.”

Annotator C “You are Annotator C, a high-precision me-
dia psychology expert. Be conservative: only label when
explicit; if unsure, choose ‘No Polarizing Language.”
Adjudicator System Prompt (excerpt) “You are the Adjudica-
tor, a methods-oriented political scientist overseeing three
annotators.”

Adjudicator constraints:

Produce one final set of annotations.

Only select spans from Annotator A/B/C outputs.
Merge exact duplicate spans only.

Do not invent new spans.

Be conservative; use ‘No Polarizing Language’ if
unsure.

Consensus Workflow

(1) Annotators A, B, and C independently annotate each
article and output structured JSON.
(2) The Adjudicator receives all three JSON outputs.
(3) The Adjudicator produces a single final consolidated
JSON.
(4) Paragraph-level policy enforcement is applied:
e Exact-One Policy: Exactly one annotation per
paragraph.
e Min-One Policy: Retain all polarizing spans per
paragraph, but ensure at least one annotation per
paragraph.
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B Annotation Interface and Verification
Workflow

The interface designs (see Figures 4, 5, and 6) reflect our broader
methodological goal: to approximate real-world annotation condi-

tions while progressively guiding non-expert annotators toward
expert-aligned judgments. The MTurk condition intentionally mir-

rors realistic constraints (limited time, no prior training, single-pass
review) to capture how everyday readers interpret polarizing lan-
guage. The verification and correction workflows then introduce
lightweight definitional scaffolding and structured feedback. Rather
than replacing human judgment, this design nudges annotators to-
ward greater consistency with the expert gold standard by making
category definitions explicit and encouraging deliberate reconsid-
eration when disagreement occurs. In this way, the system serves
both as a measurement instrument and as a calibration mechanism,
showing gaps between lay and expert interpretations while incre-
mentally moving annotations toward gold-standard alignment.

C Appendix: Full Corpus Exploratory Data
Analysis (N=551)

To contextualize our pilot evaluation results, we provide descriptive

statistics of the full 551-article corpus, including ideological balance,

annotation density, and subcategory distributions. See Figures 7-9
for the corresponding distributions.

D Appendix D: Multi-HIT Agreement
Progression

To support transparency around iterative deployment, here we
report the full trajectory of agreement between LLM annotations
and human annotations across multiple HIT batches (Figure 10).

As shown in Figure 10, earlier HITs are comparatively unstable,
with low and fluctuating precision and Recall. These early results
reflect exploratory deployment conditions (e.g., prompt refinement,
adjudication tuning, and adjustments to our tool interface and
workflow). Accordingly, we interpret these initial metrics as part of
a calibration phase rather than a stable estimate of model-human
agreement.

Across subsequent HITs, alignment strengthens, with later batches
(January 2026) showing markedly higher consistency (Precision
~ 0.66, Recall ~ 0.76, F1 ~ 0.71). Reporting the full multi-HIT tra-
jectory helps distinguish early experimental instability from later
stabilized performance.

E Appendix D: Polarizing Language Taxonomy

For completeness, we provide the full taxonomy of polarizing lan-
guage used in this work, including detailed definitions and illustra-
tive examples for each subcategory (Table 6). This appendix serves
as a reference for the labeling schema underlying both the expert
and crowd annotation studies.



HEAL, April 15, 2026, Barcelona, Spain Khatiwada, et al.

Use the following categories for labeling: R You will annotate 1 news article. Please follow
these steps for each paragraph:
Persuasive Propaganda Ridgecrest Earthquakes Caused Damage to the Earth's Crust
Seen from Satellite 1. Highlight a section of text between 4 and
Exaggeration + - 25 words that you want to annotate.
Damage to the earth's crust from the 6.4 and 7.1 magnitude earthquakes that
struck Southern California last week is visible in a kaleidoscopic satellite image 2. Scroll down and select a category using
Slogans o released by NASA. The Advanced Rapid Imaging and Analysis team at NASA's Jet either the buttons or the dropdown menu (e.g.,
Propulsion Laboratory in Pasadena, California, used satellite data to produce a { SR RO T RS AR
Bandwagon +

map showing ruptures and displacements not visible to the naked eye employing

3. Choose a subcategory (e.g., Exaggeration).
technology that has been developed over the last quarter century. The imagery

YYour annotation will be saved automatically.

Casual Oversimplification + was acquired on July 8 and compared with data from April 8. The earthquakes
were the largest to hit California in nearly 20 years and were felt as far away as 4. Click "Submit & show next paragraph" to
Doubt s Phoenix and Mexicali, Mexico. The temblors and the thousands of aftershocks SRS MR FHRgEH:

that followed did not lead to major structural damage near the Ridgecrest 5Yattermaking|atllssstilannotationper
epicenter, but did have residents of nearby Trona, Calif. worrying about their paragraph select "Submit" to move on to the
town's future. Authorities are investigating whether the death of a man 95 miles post-annotation survey.
Inflammatory Language away in Pahrump, Nev., was tied to the earthquake.

Make sure your highlights are thoughtful and fall
Name-Calling + within the required word range—your input helps
us better understand how people detect biased or

misleading content.

Inflammatory

Demonization + L age

Scapegoating + Persuasive_Propaganda v
v Select a Subcategory
Video Tool Guide Exaggeration Selected: "Damage to the earth's

Slogans crust from the 6.4 and 7.1
magnitude earthquakes that
struck Southern”

Bandwagon
Casual Oversimplification

Word Count: 15 (must be 4-25)
Doubt

Figure 4: Human Annotation Interface (Span Selection Mode). In the fully manual annotation condition, annotators highlight
spans (4-25 words), select a primary category (e.g., Persuasive Propaganda or Inflammatory Language), and choose a subcategory.
This interface was used to construct the expert gold standard and collect real-world MTurk annotations.

Verify LLM Annotation

Highlighted text
“raising fears that environmental rollbacks seen in the
United States may be spreading to Europe”

The LLM labeled this highlight as exaggeration. Please
confirm whether you agree.

Definition Of Exaggeration

When something is made to sound artificially much
bigger, better, or worse than it really is — or the
opposite: made to sound smaller or less serious than

it actually is.

Deny Accept
Back to paragraph

Figure 5: LLM Annotation Verification Interface. Annotators are shown highlighted spans pre-labeled by the LLM (e.g., Exag-
geration) and are asked to either accept or deny the classification. The interface provides the highlighted text, the model’s
predicted subcategory, and a concise definition to support consistent human verification.
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Correction

Highlighted span
“raising fears that environmental rollbacks seen in the United States
may be spreading to Europe”

The LLM labeled this as Exaggeration. If you disagree, choose the label
you would apply instead.

Your label

[ slogans

Definition Of Slogans

A short, memorable phrase used to spark emotion or support a

cause. Slogans simplify complex ideas into a few words and can
promote unity, nationalism, or other sentiments.

Cancel Confirm & Continue

Figure 6: Correction Workflow After Disagreement. If annotators deny the LLM’s label, they are prompted to select an
alternative subcategory. Definitions are displayed inline to reduce ambiguity and improve annotation reliability. This step
enables structured adjudication and refinement of model-generated labels.
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Figure 7: Political leaning distribution across the 551-article
corpus. The dataset is relatively balanced across left, center,
and right sources.

Total propaganda-technique annotations per article (All 551)

Political leaning breakdown (All 551 articles)
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Figure 8: Distribution of total propaganda-technique annota-
tions per article. The distribution is right-skewed, with most
articles containing moderate counts and a smaller number of
high-density outliers.
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Propaganda-technique subcategory totals (All 551)
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Figure 9: Total counts of propaganda subcategories across the corpus. Lower-severity techniques dominate the distribution,
while high-severity categories occur less frequently.

LLM vs Human Annotation Agreement Analysis
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—A— Recall
=== F1
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Figure 10: Agreement between LLM and human annotations across multiple HIT batches. Early HITs show instability during
calibration (prompt refinement, adjudication tuning, and workflow/interface adjustments). Later iterations exhibit progressively
stronger alignment, culminating in improved precision, recall, and F1.
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Table 6: Polarizing language taxonomy with full definitions and examples.

Category Definition Examples
Exaggeration When something is made to sound artificially much bigger, “A local protest ignited waves of outrage and sent shock-
better, or worse than it really is — or made to sound smaller ~waves through the nation.”
or less serious than it actually is. “This minor disagreement has become a national catastro-
phe”
“The present scandal is nothing — just political theater.
Slogans A short, memorable phrase used to spark emotion or support ~ “Make America Great Again”
a cause; simplifies complex ideas into a few words. “No Justice, No Peace”
“We Are the 99%”
Bandwagon Encouraging support because many others supposedly sup- “Most Americans back this plan”

port it; relies on social pressure rather than evidence.

“Every true Republican supports this cause.”

« . e . s .

No serious economist still believes raising taxes is a good
idea”

Casual Oversimplification

Explaining complex issues using a single cause or simple
answer while ignoring broader factors.

“The media is the only reason the nation is divided”
“Inflation rose solely because of the president’s policies.”
“Crime is up because of progressive prosecutors.”

Doubt

Language that makes the audience question whether a per-
son, group, or institution is competent, honest, or legitimate.

“Is he really ready to be the Mayor?”

“Is this leader even capable of running the country?”
“Some experts question whether the agency’s data can be
trusted.”

Name-Calling

Using loaded labels to shape audience perception instead of
providing evidence.

“Radical extremists have demanded sweeping reform.”
“Big-money interests continue to profit.”
“The oft-labeled terrorist sympathizers took to the streets.”

Demonization

Describing people or groups as evil, dangerous, corrupt, or
less than human to portray them as a threat.

“The nation’s bureaucrats are bleeding taxpayers dry.”
“Migrants are parasites stealing American jobs.”
“These politicians are eating away at the heart of this nation.”

Scapegoating

Blaming an entire group for a broad societal problem or
crisis.

“Greedy landlords are driving rising rents.”
“Teachers’ unions are the reason kids are failing”
“Homelessness rises because officials refuse to enforce laws.”
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