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Abstract

False health news consistently achieves far greater online reach than accurate reporting, yet the
mechanisms underlying this disparity remain unclear. Using relabeled FakeNewsNet—PolitiFact data (59
health-related headlines), we show that misleading health claims generate a 5x higher median en-
gagement rate compared to accurate headlines. Linguistic analysis (NLP) using VADER sentiment
scoring reveals that misleading headlines employ significantly more negative framing. We further identify
recurrent high-risk narrative patterns, including death sensationalism, absolute certainty, and conspiracy
framing, and propose precise, evidence-based alternatives that preserve both accuracy and audience in-
terest. To our knowledge, this is the first study to translate quantitative analysis of health misinformation
into actionable editorial guidance for improving public health communication effectiveness.

Disclaimer: “The views expressed are those of the author and do not reflect the official policy or position
of the US Air Force, Department of Defense, or the US Government.”

1 Introduction

False health narratives now travel faster and farther than truth on social platforms, creating measurable
harms in public health, clinical decision-making, and institutional trust [36, 37]. Large empirical studies
show that false news propagates with greater reach and velocity, with emotionally charged content, especially
negative valence like fear and anger, driving shares and sustained attention [9, 3]. The consequences are
concrete: vaccine misinformation distorts risk perception and reduces immunization rates [37], mainstream
platforms algorithmically surface false medical narratives [22], and politicized health messaging reshapes
public discourse during crises [34].!

Yet despite growing evidence of harm, the field lacks systematic, data-driven guidance that connects
specific headline language choices to observed spread patterns. Existing research documents the problem
but rarely translates findings into actionable editorial recommendations. Health communicators, from public
health agencies to hospital systems to medical newsrooms, need evidence-based guidance on which headline
constructions predict viral spread and how to rewrite them while preserving accuracy.

1.1 Research Gap

Prior work on misinformation spread has primarily focused on: (i) detection algorithms for fake news classifi-
cation [33], (ii) network-level diffusion dynamics [36], or (iii) general sentiment-virality correlations across all
news topics [31]. While valuable, these studies do not provide health-specific analysis or actionable editorial
guidance for practitioners.

Furthermore, existing datasets often under-capture health content due to coarse-grained topic taxonomies.
For instance, healthcare policy debates (Obamacare, Medicare) are frequently classified as "politics," while
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reproductive health and public health infrastructure may be labeled as "other." This systematic under-
representation limits our ability to understand how health communication specifically differs from general
news.

1.2 Our Contribution

We address these gaps by: (1) systematically relabeling a standard false/real news dataset to comprehensively

capture health-related content (increasing from 22 to 59 health headlines, +168%), (2) conducting focused

analysis on health headline language patterns and their relationship to viral spread, and (3) translating
empirical findings into a practical editorial guide with safer headline alternatives.

Specifically, we make three contributions:

1. Comprehensive health dataset: We systematically relabel FakeNewsNet-PolitiFact using explicit cri-
teria, nearly tripling the health category from 2.1% to 5.6% of the corpus.

2. Health-specific language analysis: We identify six high-risk language patterns (death sensationalism,
absolute claims, conspiracy framing, attention grabbers, coercion framing, extreme quotes) that correlate
with mid-tier viral spread, revealing that false health news achieves 5x higher median engagement through
negative framing.

3. Actionable editorial guidance: We provide a 5-step editorial checklist, spreadsheet-ready detection
formulas, and safer headline rewrites that preserve accuracy while reducing emotional "temperature" and
diffusion risk.

Crucially, we do not advocate optimizing for emotional engagement or viral reach. Instead, we identify
risky language constructions that predict spread and offer clarity-preserving alternatives grounded in nu-
meracy principles (providing baselines, units, ranges, and uncertainty) that support evidence-based health
communication.

1.3 Paper Organization

Section 2 reviews related work on misinformation spread, sentiment-virality relationships, and health com-
munication. Section 3 describes our relabeling methodology, sentiment analysis approach, and statistical
methods. Section 4 presents our health headline analysis, identifying high-risk patterns and engagement cor-
relations. Section b synthesizes key findings, and Section 6 translates results into practical editorial guidance.
Section 7 discusses implications, limitations, and ethical considerations. Section 8 concludes.

2 Related Work

2.1 Misinformation Spread and Virality

Large-scale studies have established that false news spreads farther, faster, and more broadly than true news
on social media [36]. Vosoughi et al. analyzed ~126,000 cascades on Twitter and found that false news
reached 1,500 people six times faster than truth, with political news showing the strongest effects. Their
work demonstrated that novelty, not bot activity, primarily drives differential diffusion, with false content
eliciting stronger emotional responses (fear, surprise, disgust).

Subsequent research has identified specific content characteristics that predict virality. Emotional arousal,
particularly high-activation negative emotions like anger and anxiety, correlates with increased sharing [3,
34]. Content that triggers moral-emotional responses spreads faster within ideological networks [5], while
uncertainty and fear appeals can amplify engagement during public health crises [11].

2.2 Sentiment Analysis and Social Media

Sentiment analysis has become a standard tool for studying online discourse, with lexicon-based approaches
like VADER (Valence Aware Dictionary and sEntiment Reasoner) particularly effective for social media text
[20]. VADER'’s rule-based model handles informal language, emoticons, capitalization, and negation patterns
common in headlines and tweets, making it suitable for our headline-focused analysis.



Studies linking sentiment to engagement have shown mixed results. While positive content sometimes
achieves higher sharing rates in controlled settings [3], negative and extreme sentiment often dominates
viral false news [36, 9]. Context matters: health misinformation specifically tends toward fear appeals and
conspiracy framing [37], suggesting domain-specific patterns.

2.3 Health Misinformation

Health misinformation poses unique risks. False vaccine narratives reduce immunization rates [6], cancer
cure hoaxes delay effective treatment [21], and politicized pandemic messaging undermines public health
response [29]. Wang et al. [37] conducted a systematic review of health misinformation on social media,
finding that false health claims spread widely and persist despite correction efforts.

Platform-level studies reveal that recommendation algorithms can amplify health misinformation. Juneja
and Mitra [22] audited e-commerce platforms and found algorithmically curated vaccine misinformation in
search results. Similar patterns appear on social media, where engagement-optimizing algorithms inadver-
tently surface false health content [19].

2.4 Research Gap

While prior work establishes that false news spreads faster, that negative sentiment correlates with engage-
ment, and that health misinformation causes harm, no prior study provides health-specific language analysis
with actionable editorial guidance. Existing misinformation research focuses on detection and debunking
rather than prevention through improved communication practices. Our work fills this gap by:

e Systematically capturing dataset health content

o Identifying specific language patterns that predict spread in health headlines

e Translating findings into practical tools (checklist, formulas, rewrites) for health communicators

e Focusing on mid-tier spread (medians, percentiles) rather than just viral outliers

3 Methodology

3.1 Dataset: FakeNewsNet-PolitiFact

We use the FakeNewsNet-PolitiFact dataset [32], which contains 1,056 news articles (432 false, 624 real)
verified by professional fact-checkers at PolitiFact. Each article includes:
e Article title (headline)
Veracity label (fake/real based on PolitiFact rating)
e Tweet IDs associated with article shares
e Aggregate tweet count (engagement metric)
e Original topic label (politics, health, celebrity, other)

Articles span 2010-2018, covering political events, policy debates, celebrity news, and health topics.
PolitiFact’s fact-checking process involves source verification, expert consultation, and transparent rating
criteria, making it one of the most credible labeling sources available [1].

3.2 Topic Relabeling Process

The original FakeNewsNet dataset contained only 22 health-labeled headlines (2.1% of corpus) [31]. Through
manual inspection, we identified systematic under-capture: healthcare policy (Obamacare, Medicare) was
classified as "politics," reproductive health as "other," and public health infrastructure was scattered across
categories.

3.2.1 Relabeling Methodology

We conducted systematic relabeling using explicit inclusion/exclusion criteria:
Inclusion criteria (items relabeled TO health):



Table 1: Health Headlines Dataset Summary

Category Total Fake Real
Original labels 22 7 15
Relabeled 59 21 38
Net change +37 +14 +23
Increase +168%  +200%  +153%
% of dataset 5.6% 4.9% 6.1%

1. Healthcare policy & legislation: Reform debates, insurance policy, Medicare/Medicaid, healthcare
funding

Medical conditions & diseases: Specific diseases, mental health, infectious disease management
Healthcare access & delivery: Costs, doctor-patient relationships, procedures

Reproductive health: Abortion policy, pregnancy, maternal health

Public health: Vaccination programs, CDC/FDA operations, disease prevention, health behaviors
Pharmaceutical & treatment: Prescription drug policy, medication access, treatment debates

S O N

Exclusion criteria (items NOT relabeled):

Metaphorical language: "Sick" as slang, "smoking gun" as evidence metaphor

2. Incidental mentions: Names that happen to be medical terms (Colonel Sanders), locations without
health focus

3. Non-health primary focus: Violence/crime, political scandals, immigration without health component
This process yielded 59 health headlines (21 fake, 38 real), a 168% increase from the original 22. Table 1

summarizes the relabeling.
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3.3 Sentiment Analysis

We compute sentiment using VADER [20], which generates a compound score ranging from —1 (most neg-
ative) to +1 (most positive). VADER is specifically tuned for social media text and handles punctuation,
capitalization, emoticons, and negation patterns common in headlines.

3.3.1 Why Headlines, Not Full Text

We analyze headline sentiment rather than article body text for three reasons:

(1) Share-time decision surface: A large unbiased study of Twitter traffic found that 59% of shared
links were never clicked by the sharer [12], meaning headlines are often the only linguistic stimulus before
propagation.

(2) Intentional engineering: The Upworthy Research Archive contains ~32,000 A/B tests varying
only headline/image "packages," demonstrating that small headline changes substantially shift clicks and
shares [25].

(3) Cognitive primacy: Headlines frame interpretation and can produce durable misbelief even when
article bodies are read [11]|, underscoring their role as affective cues.

3.3.2 Sentiment Binning

Following VADER conventions [20], we bin headlines as:
e Negative: compound < —0.05
e Positive: compound > +0.05
e Neutral: —0.05 < compound < +0.05
Sensitivity analysis varying thresholds by +0.02 yields substantively unchanged results (same directional
effects and qualitative conclusions).



3.4 High-Risk Language Pattern Detection

We identify six high-risk language patterns through systematic keyword analysis and contextual review:
Death sensationalism: dead, death, die, fatal, kill, murder

Absolute claims: cured, cure, guaranteed, 100%, never, always

Conspiracy framing: secret, hidden, cover-up, conspiracy, hoax, lie

Attention grabbers: BREAKING:, SHOCKING:, BOMBSHELL:, STUNNING:

Coercion framing: refuse, ban, force, mandate, confiscate

Extreme quotes: Fabricated or out-of-context attributions to officials

Each headline is coded for the presence/absence of these patterns. Some headlines contain multiple
patterns (e.g., "BREAKING: (...) Reveals Sick Secret" = attention grabber -+ conspiracy).
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3.5 Engagement Metrics

We measure engagement as total tweet/retweet counts aggregated at the article level, as provided by Fake-
NewsNet. This metric proxies for narrative proliferation and reach.

Engagement distributions are heavily right-skewed (median = 22 tweets, 90th percentile = 1,183 tweets),
meaning a small fraction of articles accounts for most exposure. Consequently, we report robust statistics:
medians and percentiles (50th, 75th, 90th) alongside means. This approach captures typical mid-tier spread
rather than being dominated by viral outliers.

3.6 Statistical Analysis and Computational Tools

All data processing, statistical analysis, and visualization were conducted in Python 3.12. We employed the
following libraries:

Data manipulation and analysis: We used pandas 2.x [26] for data frame operations, filtering, aggregation,
and descriptive statistics. NumPy 1.26 [16] provided array operations and numerical computations.

Sentiment analysis: We computed sentiment scores using the VADER (Valence Aware Dictionary and
sEntiment Reasoner) implementation in vaderSentiment 3.3.2 [20]. VADER generates a compound sentiment
score ranging from —1 (most negative) to +1 (most positive) and is specifically optimized for social media
text, handling emoticons, capitalization, punctuation, and negation patterns common in headlines.

Statistical testing: We computed descriptive statistics (mean, median, standard deviation, percentiles)
using pandas and NumPy. For sentiment distribution comparisons, we employed Pearson’s x2 test of inde-
pendence with Cramér’s V effect size using SciPy 1.11 [35]. For engagement comparisons, we used robust
statistics (medians and percentiles) appropriate for heavy-tailed distributions rather than parametric tests,
given the extreme right skew in tweet count data.

Effect sizes: We calculated Cohen’s d for sentiment differences using the pooled standard deviation
formula [10]:

d=T1""%2 (1)

Spooled

(n1—1)s2+(ny—1)s2
where Spooled = \/ n1in2—2 2.

Visualization: We generated all figures using Matplotlib 3.8 [18], employing box plots for engagement
distributions (with logarithmic scaling), histograms for sentiment distributions, stacked bar charts for cate-
gorical comparisons, and scatter plots for correlation visualization.

Reproducibility: All analysis code, relabeling documentation, and processed datasets are available at
https://github.com/bnatc85/medicalheadlines to support independent verification and replication.

Descriptive Statistics: We report mean, median, standard deviation, and percentiles (50th, 75th, 90th)
for sentiment scores and tweet counts, stratified by veracity (fake/real).

Sentiment Distribution Tests: Pearson’s x? test of independence compares sentiment bin distributions
(negative/neutral /positive) across fake vs. real health headlines, reporting Cramér’s V for effect size [2].

3.6.1 Engagement Comparisons

Given heavy-tailed tweet count distributions, we use:
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Table 2: Sentiment Distribution in Health Headlines
Type n Mean Median SD

All Health 59 0.074 0.000 0.435

Fake Health 21 -0.258 0.000 0.415
Real Health 38 +0.258 +0.392 0.326

Difference — 0.516 0.392 —

Note: VADER compound scores range from —1 to +1. Cohen’s d = 1.36 (large effect).

o Medians and percentiles: Robust to outliers, capture mid-tier spread
o Negative binomial regression: Models count data with overdispersion [17]
o Quantile regression: Estimates effects at specific percentiles (50th, 75th, 90th) [23]

3.6.2 Effect Sizes

We report Cohen’s d for sentiment differences and risk ratios for categorical comparisons, following APA
guidelines for practical significance [10].

4 Health News Case Study

We analyze 59 relabeled health headlines (21 fake, 38 real) to understand how language predicts spread.

4.1 Sentiment Patterns in Health Headlines

Table 2 summarizes sentiment statistics. Fake health headlines exhibit significantly more negative sentiment
(mean = —0.258) compared to real health headlines (mean = +0.258), a difference of 0.516 points (Cohen’s
d = 1.36, large effect).

Sentiment Distribution: Fake vs. Real Health Headlines
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Figure 1: Health Headline Analysis: Language Predicts Spread. (Panel A) Sentiment distribution shows
fake health headlines are more negative (mean —0.258) than real (mean +0.258).



Engagement: Fake Has 5x Higher Median
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Figure 2: Health Headline Analysis: Language Predicts Spread. (Panel B) Engagement comparison reveals
fake achieves 5x higher median (79 vs. 15.5 tweets) despite lower mean.

Fake Health News is 6 x More Likely Negative

100 - 3 Negative
3 Positive

80 -

60 -

40 1

Percentage of Headlines

20

Fake Health Real Health
News Type

Figure 3: Health Headline Analysis: Language Predicts Spread. (Panel C) Sentiment bins show fake is 6x
more likely negative (47.6% vs. 7.9%).



Negative Framing Predicts Mid-Tier Spread (Fake)
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Figure 4: Health Headline Analysis: Language Predicts Spread. (Panel D) Scatter plot confirms negative
framing predicts mid-tier spread in fake health news.

Table 3: Sentiment Polarity Distribution by News Type

Sentiment Bin

Type Neg Neut Pos Total
Fake 10 (47.6%) 9 (42.9%) 2 (9.5%) 21
Real 3(7.9%) 12 (31.6%) 23 (60.5%) 38
RR 6.0x 1.4x 0.16x —

RR = Relative Risk. x? = 16.3, p < 0.001, Crameér’s V = 0.53.

Figure 1 (Panel A) shows the sentiment distribution. Real health headlines cluster around positive values
(median = +0.392), while false headlines show a bimodal distribution with substantial negative mass.

Categorizing headlines into sentiment bins reveals stark differences (Table 3): 47.6% of fake health
headlines are negative compared to only 7.9% of real headlines, a 6.0X relative risk. Conversely, 60.5% of
real headlines are positive compared to 9.5% of fake.

Insight 1. Foke health headlines are 6x more likely to use negative framing than real health headlines,
confirming that negative emotional tone is a distinguishing characteristic of health misinformation.

4.2 Engagement Patterns: Mid-Tier vs. Outliers

Table 4 reveals a striking paradox: false health headlines have lower mean engagement (372.7 vs. 811.9
tweets, ratio = 0.46x) but higher median engagement (79 vs. 15.5 tweets, ratio = 5.1x).

This pattern persists at the 75th percentile (fake: 615, real: 136.8, ratio = 4.5x) but reverses at the 90th
percentile (fake: 1,150, real: 2,428, ratio = 0.47x). Figure 2 (Panel B) visualizes this with box plots on a
log scale.

Insight 2. Fuake health news achieves broader typical spread across the 50th—75th percentiles, while real
health news depends on occasional high-performers at the 90th+ percentile. This suggests that fake health



Table 4: Engagement Patterns: Mid-Tier Spread in Health Headlines

Type n Mean Median 50th% 75th% 90th%
All Health 59 655.5 22.0 22.0 379.0 11834
Fake Health 21 372.7 79.0 79.0 615.0 1150.0
Real Health 38 811.9 15.5 15.5 136.8 2427.9
Ratio (F/R) —  0.46x 51x  5.1x  45x 047

Note: Tweet counts. Key finding: Fake achieves 5x higher median despite lower mean, indicating broader
mid-tier spread.

Table 5: High-Risk Language Patterns

Pattern Count Median Tweets
Death sensationalism 4 92
Absolute claim 1 1229
Conspiracy framing 1 912
Attention grabber 3 1
Coercion framing 2 311
Extreme quote 1f 14152
No risks (baseline) 50 17.5

fOne extreme quote headline is real news (outlier).
Some headlines have multiple patterns.

content spreads more consistently at moderate levels, while real health news requires mainstream media am-
plification to achieve reach.

The practical implication: monitoring medians and mid-tier percentiles is more informative
than means alone for understanding diffusion risk. Means are dominated by rare viral outliers; medians
capture typical reach.

4.3 High-Risk Language Patterns
We identify six high-risk language patterns in fake health headlines (Table 5):

Death Sensationalism (n=4, 19% of fake health). Four fake health headlines use death/fatal/kill lan-
guage: "Donald Trump Dead From A Fatal HEART ATTACK!" (265 tweets), "Tom Price: 'It’s Better For
Our Budget If Cancer Patients Die More Quickly’" (181 tweets), and two others. Median engagement: 92
tweets.

Absolute Claims (n=1, 1,229 tweets). "Jimmy Carter: 'Medical Marijuana Cured My Cancer’" achieved
1,229 tweets—the highest single-article engagement among fake health news. The unqualified "cured" claim
(without "may," "helped," or uncertainty) presents anecdote as definitive evidence.

Conspiracy Framing (n=1, 912 tweets). "BREAKING: Clinton Foundation Cargo Ship (...) Reveals
Sick Secret" (912 tweets) combines attention-grabbing ("BREAKING") with conspiracy language ("sick
secret"), implying hidden information.

Attention Grabbers (n=3, median=1 tweet). Three headlines start with "BREAKING:" or similar, but
median engagement is only 1 tweet, suggesting users may filter or ignore these obvious amplifiers.

Examples of Most Viral Fake Health Headlines Table 6 lists the top five most viral fake health
headlines, illustrating common patterns.



Table 6: Most Viral Fake Health Headlines (Top 5)

Rank Headline Sentiment Tweets
1 Jimmy Carter: "Medical Marijuana Cured My Cancer" 0.000 1,229
2 FDA Announced That Vaccines Are Causing Autism 0.000 1,172
3 Smoking In Cars With Children Is Illegal Starting January 30, 2018 -0.557 1,150
4 Melania Trump undergoes kidney surgery at Walter Reed medical cen- 0.000 1,111
ter
5 BREAKING: Clinton Foundation Cargo Ship (...) Reveals Sick Secret -0.511 912

Common patterns: Absolute claims ("cured"), conspiracy ("sick secret"), coercion ("illegal"), false authority
("FDA announced").

5 Findings and Analysis
5.1 Key Finding 1: Negative Framing Predicts Mid-Tier Spread

Fake health headlines achieve 5x higher median engagement (79 vs. 15.5 tweets) despite lower mean (372.7 vs.
811.9 tweets). This pattern indicates that fake health news spreads more consistently across typical sharing
scenarios (50th—75th percentiles), while real health news depends on occasional mainstream amplification
(90th+ percentile). This finding is depicted in Figures 3 and 4, which organize fake and real health headlines
into sentiment bin bar charts, and is confirmed with a scatter plot.

The negative sentiment bias (mean —0.258 vs. +0.258) suggests that emotional negativity is a
predictive signal for broader mid-tier diffusion. Health communicators monitoring for potential viral
spread should prioritize negative-sentiment headlines, not just high-engagement outliers.

5.2 Key Finding 2: Six High-Risk Patterns

Our analysis identifies six language constructions associated with fake health news:

1. Death sensationalism: 19% of fake health headlines use death/fatal/kill language when not medically
necessary

Absolute claims: Unqualified cure/guarantee statements without caveats

Conspiracy framing: Secret/hidden/cover-up language undermining trust

Attention grabbers: "BREAKING:" and similar amplifiers

Coercion framing: Refuse/ban/force language triggering reactance

Extreme quotes: Fabricated or out-of-context official attributions

AN

These patterns are not equally potent: absolute claims and conspiracy framing achieve the highest
median engagement (1,229 and 912 tweets, respectively), while attention grabbers may be filtered (median
= 1 tweet).

5.3 Key Finding 3: Real Health News Uses Positive Framing

Real health headlines are 6x less likely to be negative (7.9% vs. 47.6%) and predominantly positive (60.5%
positive, median sentiment = +0.392). Titles like "Covering Young Adults Under the Affordable Care Act:
The Importance of Outreach and Medicaid Expansion" (+0.778 sentiment) emphasize benefits and policy
goals.

This suggests that neutral-to-positive framing is compatible with accurate health reporting,
while negative framing typically correlates with misinformation.

5.4 Implications for Health Communication

These findings support three actionable principles:
1. Monitor medians, not just means: Typical mid-tier spread (50th—75th percentiles) matters more
than viral outliers for understanding diffusion risk.
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2. Negative sentiment is a red flag: Headlines scoring below —0.3 warrant editorial review, especially
in health contexts where fear and conspiracy framing are prevalent.

3. High-risk patterns are detectable: Simple keyword searches (death, secret, cured, BREAKING,
refuse) can flag potentially problematic headlines before publication.

6 Health Communication Guide

Our guidance aligns with health literacy and plain-language frameworks such as CDC’s Clear Communication
Index and Everyday Words for Public Health Communication, which emphasize clarity, context, and reduced
jargon in public-facing materials [8, 7]. We translate our findings into practical guidance: Safer Health
Headlines: Detect Overheat, Promote Clarity and Calm.

6.1 Detect Overheat: High-Risk Language to Avoid

Fear-based and highly negative health messages can increase attention but also trigger defensive avoidance
and psychological reactance if they do not clearly support a sense of efficacy [38, 24]. Message-framing
research further shows that gain-framed messages often work better for prevention behaviors, whereas loss-
framed messages are more suitable for detection, with affective tone playing a central role [30, 28, 27].

Pattern 1: Death Sensationalism Risk: Using death/fatal/kill when not medically necessary.
Example (fake, 265 tweets, sentiment —0.917): "Donald Trump Dead From A Fatal HEART AT-
TACK!"

Safer alternative: "Trump Hospitalized for Cardiac Assessment"

Why safer: Removes sensational death framing, focuses on factual status, neutral tone.

Pattern 2: Absolute Claims Risk: Unqualified cure/guarantee claims without context or caveats.
Example (fake, 1,229 tweets, sentiment 0.000): "Jimmy Carter: 'Medical Marijuana Cured My Can-
Cer?”

Safer alternative: "Carter: Medical Marijuana May Have Supported Cancer Treatment (Personal Ac-
count)"

Why safer: Adds qualifier ("may have"), labels as personal account (not clinical evidence), avoids causal
claim.

Pattern 3: Conspiracy Framing Risk: Secret/hidden/cover-up language undermining institutional
trust.

Example (fake, 912 tweets, sentiment —0.511): "BREAKING: Clinton Foundation (...) Reveals Sick
Secret"

Safer alternative: "Health Authorities Inspect Medical Shipment at Baltimore Port"

Why safer: Removes "BREAKING" urgency, removes "sick secret" conspiracy framing, neutral procedure
description.

Pattern 4: Attention Grabbers Risk: "BREAKING:" and similar amplifiers prime reactive sharing
before verification.

Safer alternative: Remove entirely or use neutral introducers: "New Study Reports (...)", "Research
Examines (...)", "Officials Announce (...)"

Pattern 5: Coercion Framing Risk: Refuse/ban/force language triggers psychological reactance.
Example (fake, 1,150 tweets, sentiment —0.557): "Smoking In Cars With Children Is Illegal Starting
January 30, 2018"

Safer alternative: "New Law Protects Children from Secondhand Smoke in Vehicles (Effective Jan. 30,
2018)"

Why safer: Benefit-framed ("protects children" vs. "illegal"), neutral tone ("new law" vs. "ban"), preserves
accuracy and effective date.
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Table 7: 5-Step Editorial Checklist

Step Check Action if Flagged
1 Sentiment scan ~ Rewrite if |score| > 0.5
2 Risk patterns Apply safer alternative
3 Numeracy Add context, baselines
4 Quote verify Verify via official source
5 Emotional temp De-escalate fear/anger

Target: Neutral-to-positive sentiment (0.0 to +0.3).

Pattern 6: Extreme Quotes Risk: Fabricated or out-of-context quotes damage trust.

Example (fake, 181 tweets, sentiment —0.751): "Tom Price: ‘It’s Better For Our Budget If Cancer
Patients Die More Quickly’"

Safer alternative: "Health Official Discusses Budget Trade-offs in End-of-Life Care (Full Remarks)"
Why safer: Removes fabricated quote, neutral framing ("trade-offs" vs. "die quickly"), links to source for
transparency.

6.2 Promote Clarity: Numeracy Principles

Decades of risk communication research show that relative risks without baselines and context systematically
mislead both clinicians and laypeople and can be exploited in headlines and marketing. Beyond avoiding
high-risk language, effective health headlines should provide context [14, 13, 4]:
Add baselines: "X out of Y (Z%)" rather than "X people affected"
Add ranges: "Between A and B" rather than single point estimates
Add uncertainty: "Early results," "preliminary," "may," "could"
Add units and timeframes: "Per 100,000 population per year" not just "cases increased"

Our numeracy guidelines follow established recommendations for presenting health risks in absolute terms,
using natural frequencies, and clearly specifying denominators and time frames.

6.3 Promote Calm: Editorial Checklist

Checklists and structured review tools are now standard in public health communication practice; the CDC
Clear Communication Index provides a 20-item template for evaluating materials against evidence-based
clarity criteria [7].

We provide a 5-step pre-publication checklist? (Table 7):

Step 1: Sentiment Scan Run VADER (or similar tool) on headline. Flag if score < —0.3 (strongly
negative) or > 0.7 (unrealistically positive). Rewrite to neutral/balanced range.

Step 2: Risk Pattern Detection Check for six high-risk patterns using simple keyword search:

death|fatall|kill|dead|
secret|hidden|conspiracy|
cured|guaranteed|100%]|
BREAKING: | SHOCKING: |
refuse|ban|force|mandate

If present, apply a safer alternative from Section 6.
Step 3: Numeracy Check Does headline include numbers without context? Add baselines, ranges, or

uncertainty qualifiers. Example: "50% increase in cases"
Rephrase to: "50% increase in cases (from 100 to 150 per 100,000, early data)"

2This checklist is a lightweight, headline-focused adaptation of established plain-language and health-literacy tools such as
the CDC Clear Communication Index and Everyday Words for Public Health Communication [7, §].
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Step 4: Authority Verification Are quotes attributed to named individuals? Verify through official
transcripts or recordings. If unverifiable, paraphrase or remove.

Step 5: Emotional Temperature Test Read headline aloud to colleague. Ask: "Does this make me feel
fear, anger, or outrage?" If yes, headline is "emotionally hot"; rewrite to reduce temperature while preserving
facts.

6.4 Implementation for Different Stakeholders
6.4.1 For Newsrooms

Integrate sentiment scoring in content management systems
Maintain library of high-risk phrases and safer alternatives

All health headlines pass 5-step checklist before publication
Monthly audit of published health headlines for pattern prevalence

=2}

.4.2 For Public Health Agencies

Test headline sentiment before social media posting (target: 0.0 to +0.3)
Use benefit-framing over prohibition-framing ("protects" vs. "bans")
Include data sources, sample sizes, confidence intervals in releases

Link to full reports, not just summaries
Acknowledge uncertainty explicitly ("early results,

" "preliminary findings")

=2}

.4.3 For Hospital Systems

Review all patient-facing content for risk patterns

Use "benefit framing" in policy communication

Train communications staff on high-risk patterns annually
Peer review all external health messaging

7 Discussion

7.1 Principal Findings

This study provides the first health-specific analysis of headline language patterns and viral spread, with

actionable editorial guidance. By systematically relabeling health content (22—59 headlines, +168%) and

focusing on mid-tier spread metrics (medians, percentiles), we reveal that:

1. Fake health news achieves 5x higher median engagement through negative framing (mean sentiment:
—0.258 vs. +0.258)

2. Six high-risk language patterns—death sensationalism, absolute claims, conspiracy framing, attention
grabbers, coercion framing, extreme quotes—predict spread

3. Real health news uses predominantly positive framing (60.5% positive) compatible with accurate reporting

4. Monitoring mid-tier percentiles reveals broader diffusion patterns invisible in mean-based analyses
These findings support practical interventions: sentiment-aware triage, risk pattern detection, numeracy

principles, and a 5-step editorial checklist deployable with standard tools.

7.2 Comparison with Prior Work

Our results align with general misinformation research showing that false news spreads faster [36] and that

negative sentiment correlates with engagement [3, 34]. However, we extend this work by:

e Health-specific focus: Prior studies aggregate across all news topics; we isolate health to understand
domain-specific patterns

e Mid-tier spread emphasis: Prior work focuses on viral cascades; we highlight 50th—75th percentile
spread as a more actionable target
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e Actionable guidance: Prior work documents problems; we provide solutions (checklist, rewrites, formu-
las)
e Numeracy principles: We ground "safer alternatives" in risk communication research [15], not just
sentiment reduction
Our finding that fake health headlines are 6x more likely negative (47.6% vs. 7.9%) is more extreme
than general misinformation patterns, suggesting health domain amplifies negative framing effects.
Our recommendation to de-escalate emotional “heat” and emphasize benefits and efficacy is consistent
with fear appeal and framing research showing that highly threatening, low-efficacy messages can backfire,
while well-calibrated gain frames support preventive health behaviors [38, 30].

7.3 Limitations

Our analysis is constrained by a relatively small health subsample (59 headlines), limiting subgroup power
and generalizability. The dataset predates the COVID-19 era, so replication on post-2020 platforms and
narratives is needed. We rely on Twitter engagement as a proxy for reach, which does not capture attention
depth, persuasion, or cross-platform dynamics. Sentiment scoring is headline-only, appropriate to our focus
on share-time decision cues [12], but it omits in-article nuance. All results are correlational: negative framing
co-occurs with wider mid-tier spread, but causal effects require experimental validation. Finally, VADER’s
lexicon-based sentiment may miss sarcasm or context-dependent valence; future work should evaluate neural
emotion models for richer affect detection.

7.4 Ethical Considerations

Our guidance aims to reduce harm without suppressing legitimate expression or optimizing headlines for
emotional manipulation. Highly threatening, low-efficacy messaging can backfire [38, 24, 28, 30], so we
emphasize clarity-preserving alternatives rather than fear-based amplification. To avoid disparate impact
on controversial health topics, we recommend transparent criteria, human-in-the-loop review, and open
publication of all methods and code for independent verification.

7.5 Future Work

Future research should assess the generalizability and practical deployment of this framework. First, expand-
ing to post-COVID health communication (2020-2025) and additional platforms (e.g., Facebook, TikTok,
Instagram, Reddit) will test whether the 5x virality pattern and language-spread relationships persist under
different infodemic conditions and algorithmic environments. Second, experimental A/B testing of safer
headline rewrites can establish causal effects on sharing, click-through, and belief formation. Third, mul-
tilingual extensions will reveal whether these language patterns are culture- or language-specific. Fourth,
richer affect modeling that incorporates discrete emotions (e.g., fear, anger, surprise) and moral-emotional
content may further improve diffusion prediction. Finally, practical deployment in newsrooms and public
health agencies is feasible because the framework is lightweight (keyword matching), fast (VADER senti-
ment in milliseconds), privacy-preserving (headline-only analysis), and auditable (transparent criteria). We
encourage organizations to pilot the 5-step checklist, monitor the prevalence of high-risk patterns, and track
improvements in clarity and safety over time.

8 Conclusion

Health headlines shape public perception, behavior, and institutional trust. Yet despite mounting evidence
that misinformation spreads faster than truth, health communicators lack evidence-based guidance on which
language choices predict spread and how to rewrite headlines safely.

We address this gap by systematically relabeling health content in a standard misinformation dataset
(22—59 headlines, +168%), revealing that fake health news achieves 5x higher median engagement through
negative framing. We identify six high-risk language patterns, death sensationalism, absolute claims, con-
spiracy framing, attention grabbers, coercion framing, and extreme quotes, and provide safer alternatives
grounded in numeracy principles.
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Our contributions are threefold: (1) a comprehensive health dataset with explicit relabeling criteria, (2)
health-specific language analysis showing that negative framing predicts mid-tier spread, and (3) actionable
editorial guidance with a 5-step checklist, detection formulas, and safer rewrites.

Crucially, we do not advocate optimizing for emotional engagement. Instead, we identify risky con-
structions that predict spread and offer clarity-preserving alternatives that support accurate, trustworthy
health communication. By focusing on medians rather than means, negatives rather than positives, and
safer alternatives rather than censorship, this work provides a practical, evidence-based toolkit for health
communicators navigating the tension between reach and responsibility.

Data Availability

Relabeled datasets, complete change documentation, detection formulas, and analysis code are available
at https://github.com/bnatc85/medicalheadlines. Original FakeNewsNet data available at https://
github.com/KaiDMML/FakeNewsNet.
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