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ARTICLE INFO ABSTRACT

Handling editor: Cecilia Cheng Chronic diseases are the leading cause of death in the United States, yet effective preventive measures receive
minimal healthcare funding. This disparity may stem from public underestimation of these diseases’ impact and
controllability, with distorted media coverage overemphasizing sensational risks and underemphasizing chronic
illnesses. This study compares media coverage of mortality risks to objective measures of death rates to inves-
tigate such distortions. Data were collected on 14 mortality risks, including monthly US deaths from CDC Wonder
and 823,406 relevant articles from major US newspapers via LexisNexis. Regression analyses and qualitative
evaluations using natural language processing tools were performed. From 1999 to 2020, a significant disconnect
was found between the deadliest risks and their media coverage. Media coverage fluctuations correlated with
death rate changes, yet only 1.7-2.8% of the coverage was explained by these rates. Chronic illnesses were
described neutrally as individual challenges, while sensational risks were depicted negatively as collective
problems. These results illustrate how the media depict a skewed view of the risks facing the public, with
disproportionate coverage of sensational risks while comparatively ignoring chronic diseases. Consumers may
consequently come to a distorted understanding of the most threatening risks they face and how to combat them.

Keywords:

Mass media

Mortality risks

Linear mixed models

Autoregressive distributed lag models
Risk communication

1. Introduction

Humans have finite attention and resources to invest in avoiding the
many risks that threaten our mortality. Unfortunately, we collectively
are far from optimal in allocating those scarce resources. For example, in
the United States, chronic diseases lead to 70% of deaths annually, but
most of these could be prevented with proper behavior like eating well,
exercising, avoiding tobacco and excessive alcohol, and getting regular
health screenings (Centers for Disease Control and Prevention, National
Center for Health Statistics, 2022). Despite spending $4.3 trillion on
healthcare in 2021-18.3% of US GDP (Centers for Medicare & Medicaid
Services, 2021)—only a small fraction goes to preventative care (Miller
et al., 2008). This lack of funding reflects a considerable mismatch be-
tween the value of preventing these diseases and the amount that we
currently invest in preventative measures (Hoffman, 2022). What can
account for this mismatch? Structural issues such as poverty (Wolfe
et al., 2020) and cultural barriers including stigma toward treatments
(Byrow et al., 2020) explain some challenges individuals face. Addi-
tionally, the misalignment of incentives among key healthcare stake-
holders (Feldman, 2020; Branning and Vater, 2016), combined with a
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health infrastructure that inadequately supports preventive care (Maani
and Galea, 2020), contributes to the provision of more expensive and
less effective treatments. This creates systemic inefficiencies, reinforcing
the current reactive healthcare model. These issues may be compounded
by media depictions of mortality risks that inadequately address the
scale of preventable chronic illnesses. In this paper, we examine how
biases in media representations of mortality risks present a distorted
depiction of the most pressing public health threats, potentially influ-
encing public attitudes, resource allocation, and policy decisions.
Many articles assess how media coverage connects to objective
measures of mortality risks (Bomlitz and Brezis, 2008; Combs and
Slovic, 1979; Frost et al., 1997; Pilar et al., 2020). Generally, these
studies reveal a large disconnect, with media coverage
over-representing some risks and under-representing others. This
discrepancy may impact people’s perceptions and behaviors; as evi-
denced by studies showing a gap between objective risk measures and
public beliefs and actions (Brown et al., 2023b; Pilar et al., 2020). While
providing important insights, these analyses are limited. They are
largely crossectional and focus on counts rather than content. Our study
builds on previous research by incorporating both longitudinal and
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qualitative analyses to explore how bias in media coverage of different
risks emerges. We employed multi-level and autoregressive distributed
lag models to examine whether fluctuations in death rates correspond to
changes in media coverage over time. Additionally, we used natural
language processing techniques to analyze the content of articles, coding
for mentions of mitigation strategies and assessing the tone of coverage
through sentiment analysis. In tandem, these techniques provide more
comprehensive insights than previous approaches, assessing how bias
emerges through multiple pathways.

News organizations have significant control over the topics they
choose to cover, the facts they present from those topics, and how they
frame those facts. For example, consider an article about the genetic
determinants of cancer framed around an individual’s tragic story in
comparison to an article on exercise and diet tips for preventing heart
disease. Both articles may present empirically accurate information but
depict opposing perspectives about control over health. When media
organizations collectively emphasize certain risks more than others,
focus on specific facts, and frame those facts in particular ways, they
present a distorted perspective that may influence people’s perceptions
and behaviors.

There are well-developed theories that help to make sense of how
media may impact consumers’ understanding of the world (Potter,
2011; Thomas, 2022). Agenda-setting theory, for example, suggests that
media prioritizes certain issues, influencing the public’s perception of
what is important (Gilardi et al., 2022; Langer and Gruber, 2021;
McCombs and Valenzuela, 2020). Under the current framework,
agenda-setting works at the topic level, and its impacts may expand over
time, a notion grounded in cultivation theory, which argues that pro-
longed engagement with media is important for shaping perceptions
(Busselle & Van den Bulck, 2019; Gerbner et al., 1986; Hermann et al.,
2023). Our longitudinal analysis examines how changes in mortality
rates align with media coverage (agenda-setting distortions) and the
stability of coverage over time (prolonged cultivation). Framing theory
focuses on the qualitative aspects of media, suggesting that the way
information is presented can influence audiences’ perspectives (Gao
et al., 2022; Guenther et al., 2021; Scheufele, 1999). For health risks,
key frames include individual versus collective focus and threat or
sentiment. Collective frames highlight community or policy solutions,
while individual frames emphasize personal responsibility and
behavior. Additionally, threatening or negative descriptions signal
greater concern. Our qualitative analysis considers these frames.

In summary, this paper investigates distortions in media coverage of
mortality risks, focusing on topic agendas and qualitative framing. We
analyze a 20-year period to understand time-trends in this coverage.

2. Materials and methods

Risks: We selected a diverse set of risks including six chronic diseases
that were responsible for most deaths within the United States (heart
disease, cancer, strokes, chronic lower respiratory disease, Alzheimer’s,
and diabetes), four more sensational risks that we expected to be more
common in the media (homicide, suicide, overdose, and terrorism), and
four other major causes of death (traffic accidents, influenza, sexually
transmitted disease, and pandemics/COVID-19).

Media Coverage: Our analysis focused on newspaper coverage of
mortality rates across various risks. We first identified the ten largest U.
S. newspapers by circulation in 2022 (Turvill, 2022), prioritizing these
major outlets due to their extensive readership and broad influence. For
the longitudinal analysis, we then selected four newspapers from this list
that demonstrated stable and consistent coverage within the LexisNexis
database from 1999 to 2020. The requirement for stable coverage over
this period was essential for ensuring the reliability and continuity of our
longitudinal assessment, thereby limiting our final sample to these four
outlets. This final sample is limited in that it may not capture trends in
local newspapers or represent other media forms, such as social media or
television. Nonetheless, given the considerable reach of these outlets,
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any bias identified within this sample remains significant. To identify
relevant articles, we generated comprehensive sets of keywords tailored
to each risk (See Supplementary Table S1). We then queried LexisNexis
using these keywords, resulting in a total of 823,406 articles. We com-
bined the number of newspaper articles across journals to arrive at
monthly counts of media coverage for each risk.

Mortality Rates: We identified mortality rates using data from the
CDC’s Underlying Cause of Death database (Centers for Disease Control
and Prevention, National Center for Health Statistics, 2021). These data
are based on death certificates from U.S. residents.

This analysis covers all demographics and locations, providing
mortality rates by month, year, and risk. We supplemented these data for
pandemics, using the CDC’s COVID Data Tracker (Centers for Disease
Control and Prevention, 2024), and for Terrorism using the Global
Terrorism Database (LaFree and Dugan, 2007).

Longitudinal Analysis: After collecting the newspaper mentions for
each outlet, we conducted a monthly count analysis to ensure compre-
hensive coverage. This quality check confirmed stable coverage across
all outlets, but it also revealed two data challenges. First, the Tampa Bay
Times showed unusually large surges in mentions during several months
of 2019. Further investigation indicated that these surges were likely
due to changes in data recording within the LexisNexis database rather
than genuine increases in risk mentions, as they deviated several stan-
dard deviations from the norm, affected all risks, and were not observed
in other outlets. To address this, we replaced the 2019 outliers in the
Tampa Bay Times data with 2018 averages. Additionally, we found in-
stances where deaths were attributed to both homicide and terrorism. To
avoid double counting, we subtracted terrorism deaths from homicide
counts. We then Winsorized the top and bottom 1% of monthly counts
for each risk to handle outliers and log-transformed the modified counts.
Notably, all adjustments were pre-planned and incorporated into our
pre-registration prior to the primary analysis.

Different longitudinal analyses offer unique insights. For example,
analyzing leveled data assesses if long-term mortality trends align with
long-term media coverage trends, while differenced data reveals if short-
term changes in coverage match short-term changes in deaths. Including
lagged terms accounts for delays between changes in mortality and
media coverage. Finally, monthly data may be too short of an interval or
suffer from dynamic seasonality, so yearly trends are also analyzed. We
ran and report four sets of regressions (1) multi-level regression with
monthly mortality rates predicting leveled monthly media coverage,
with random intercepts and slopes for each risk. (2) The same multi-
level regression with the deseasonalized and differenced data. (3)
Autoregressive distributed lag models using both leveled and differ-
enced data, ran separately for each risk. (4) The same regressions as 1-3
but with yearly data rather than monthly.

Qualitative analysis: To gather articles for qualitative analysis, we
employed a stratified random sampling method, where the population of
articles was divided into strata based on the publication year, with 5
articles randomly selected from each year between 1999 and 2020. This
approach ensured balanced representation of articles across time,
reducing the potential for bias associated with temporal fluctuations in
article content and frequency. We were interested in the presented facts
about the causes of the risk-factor along with mitigation strategies, and
how those facts were framed: whether the focus was on individuals or
the collective, as well as the sentiment of the article’s description. To
assess these dimensions, we first conducted a manual review of a subset
of articles to identify key themes and developed an initial coding
framework that addressed the dimensions of interest. We then itera-
tively designed and refined a prompt for GPT-4, providing explicit in-
structions and examples to guide the model (see full prompt in Appendix
§1.3). This development involved multiple rounds of testing and
adjustment to ensure that GPT-4’s outputs closely matched human
judgments. The full text of each article was then processed individually
through OpenATI's API using the finalized prompt with certain parame-
ters (Temperature = 0.8, Max Tokens = 1,500). The model’s responses
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were then recorded and aggregated to compare across risks.

While GPT-4 performs well in tasks like this coding exercise (Achiam
et al., 2023), there are limitations to its use in qualitative analysis.
Specifically, large language models may lack a nuanced understanding
of social and cultural contexts, which can lead to misinterpretations
(MclIntosh et al., 2024). Additionally, biases in training data may affect
coding outcomes, perpetuating demographic or cultural biases (Bano
et al.,, 2024). We attempted to address these issues by focusing our
prompt instructions on simpler, context-independent judgments, when
possible, an approach that has been shown to increase GPT’s accuracy in
other tasks (Hou et al., 2024). We also supplemented this analysis with a
more typical method of sentiment analysis, calculating the VADER score
of every sentence within articles and reporting the mean across articles
(See SI 1.5. Supplemental analysis with sentiment analysis using
VADER; Hutto and Gilbert, 2014).

Our analysis plan was pre-registered: https://osf.io/mr2ay/?
view_only=1b8c35b31a5c¢4d7c87cbebd08ef962f0. See minor di-
vergences in Appendix S1.6. We report the results for all analyses con-
ducted such that there are no “file-drawer” analyses.

3. Results

First, Table 1 shows the number of articles and deaths by risk,
highlighting a significant disparity between mortality rates and news
coverage, with one article per 323 heart disease deaths compared to 36
articles per single terrorism death. In general, risks that are deadlier
have lower ratios of media coverage to deaths; we find a strong negative
relationship between these measures. Due to the concentration of deaths
from pandemics/COVID-19 and terrorism in short periods, we analyze
these risks separately for the remaining analyses. We also limit our data
to 1999-2019 because news coverage changed drastically during the
COVID-19 pandemic.

To understand how changes in mortality rates correspond to media
coverage, we plot both time series for each risk in Fig. 1 (See SI Figure S1
for pandemics/Covid19 and Terrorism plot, and Figs. S2-S3 for alter-
native visualizations). For some risks (e.g., homicide), media mentions
are far higher than the death rate, whereas for others (e.g., heart dis-
ease), deaths outpace media mentions. This illustrates unequal media
coverage for these risks. Further, these plots suggest that there may be
associations between these measures (see e.g., Alzheimer’s which has
trends that move together) but that the associations are not consistent or
strong (see e.g, Cancer which has largely unrelated trends). Finally, we
looked at the ratios from Table 1 over time and found that they were
stable from 1999 to 2020, with sensational risks consistently over-
represented in the news and chronic illnesses consistently under-
represented, an important result for cultivation theory which suggests

Table 1

Counts of articles and deaths for each risk from 1999 to 2020. The last column
displays the ratio of articles to deaths for each risk and the table is ordered by
this column.

Risk Articles Deaths Articles to Deaths
Heart Disease 48,024 15,499,612 1:323
Respiratory Diseases 15,282 3,064,049 1:200
Cancer 132,016 12,644,869 1:96
Stroke 41,433 3,184,602 1:77
Alzheimer’s 27,026 1,872,576 1:69
Diabetes 25,395 1,674,724 1:66
Influenza 20,264 1,257,088 1:62
Overall 823,406 42,879,844 1:52
Traffic Accidents 28,534 956,960 1:34
Overdose 41,412 892,857 1:22
Suicide 60,913 838,850 1:14
STDs 40,320 210,774 1:5
Pandemics 92,295 385,666 1:4
Homicide 127,383 393,756 1:3
Terrorism 123,109 3,461 36:1
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that prolonged engagement can increase media effects. Next, we report
our modeling results to statistically assess these associations.

We begin with a multi-level regression on the leveled data fitted by
REML, using Satterthwaite’s method for t-tests with the LMER package
in R (Bates et al., 2005):

Yii= (ﬂO + uj) + (,B] + Vj)xij +fmonth + €jj [1]

In this model, monthly deaths from a risk (x, i indicating month and
j indicating risk) predict monthly media mentions (y;) along with
random intercepts (u;) and slopes (v;) for each risk and a monthly
dummy (fionm) to account for seasonality. The fixed effect of deaths was
positive and significant (b = 0.38,p = 0.004) and the random intercepts
and slopes allowed the full model to significantly outperform the model
with only fixed effects (p < 0.001, See also Supplemental
Tables S2-S3). These results indicate that higher death rates from a risk
lead to increased media coverage, though the relationship varies by risk.
Fig. 2 visually represents this relationship, showing that for all risks
except cancer and respiratory disease, there is a positive correlation
between deaths and media mentions, despite significant variations in
the number of deaths and media coverage for each risk.

We ran a similar regression using differenced and deseasonalized
mortality (X;) and media mentions (¥;):

yij = (ﬁO + llj) + (ﬂl +Vj)2ij + €jj [13]

Once more, we found significant results for the random slope model
compared to a model with only fixed effects (p < 0.001). The fixed
effect was significant and positive (b = 0.42,p = 0.014, See also Sup-
plemental Tables S4-S5). This suggests that when there were signifi-
cantly more deaths than the previous month for a given risk, newspapers
increased their coverage of that risk, and the random slopes suggest that
this relationship varies across risks.

The above analyses were contemporaneous, but mortality informa-
tion may take time to reach the media. Therefore, we also ran autore-
gressive distributive lag models with lagged media mentions and
mortality rates for each risk. We ran separate regressions for each risk
with both the leveled and differenced data, comparing full models with
lagged mortality information to models without these terms. For leveled
data models (Supplementary Table S6), including lagged mortality
improved model fit for three of the 12 risks at typical significance
thresholds (Supplementary Table S7). Collectively, these models were
jointly significant (p = 0.003, Fisher’s method). For differenced and
deseasonalized data, models were significant for four of the 12 risks
(Supplementary Tables S8-S9), producing a jointly significant result
(» < 0.001).

While we found significant relationships between deaths and media
mentions across risks, death information only explains about 2% of the
media mentions a risk receives (leveled mean change in R> = 0.017,
differenced mean change in R? = 0.028, both in comparison to models
without death information). This demonstrates a weak connection be-
tween these measures. Finally, following our pre-registration, we ran
similar models on the annual data for robustness and found very similar
results (See Supplemental Analysis S1.1). While these results demon-
strate how risks’ mortality and media coverage are largely disconnected,
it is important to note that the risks included in the primary analysis are
perennial problems that have long plagued humanity. If one considers
more novel risk factors (e.g., pandemics/COVID-19 and terrorism), the
media is initially very responsive to these threats. Still, these too quickly
become self-perpetuating stories that are largely unexplained by
changes in the death rate (see Appendix S1.2).

Next, we present our qualitative analysis, focusing on how articles
discuss risk causes and mitigation strategies and how they frame these
facts in terms of effectiveness, individual vs. collective emphasis, and
sentiment. Using GPT-4, we found substantial variation across risks in
these dimensions (See Appendix S1.4 for more details).

When discussing risk causes, articles mainly cited environmental and
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Fig. 1. Annual deaths (black) and media mentions (blue) of twelve risks from 1999 to 2020. While some risks, like Alzheimer’s (top left), show similar trends, others
are largely disconnected, like cancer (one row right), revealing how there is not a strong, consistent relationship between these measures across time. Note that the y-
axes are scale-free to highlight trends within each series; however, in each plot, the media mentions axis is 10x the death-rate axis. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 2. Log monthly deaths on log monthly media mentions for each risk. Most of the slopes are positive, suggesting that in months when a risk results in more

deaths, the media is more likely to cover that risk.

lifestyle factors, though this varied by risk. For example, chronic respi-
ratory disease was often linked to environmental factors, diabetes to
lifestyle choices, and homicide to a mix of both. Mitigation strategies fell
into three categories: policy, behavioral, and technological solutions.
Articles on chronic diseases emphasized behavioral and technological
solutions, while those on sensational risks focused more on policy so-
lutions (Fig. 3, Panel A). Articles also varied substantially in framing
(Fig. 3). Sensational risks were described with more negative emotions
than chronic illnesses, which were generally presented neutrally (Fig. 3,
panel B). Sentiment ratings from VADER show these trends are stable
over the 20-year period analyzed. Fig. 3, Panel C, illustrates the mean
annual sentiment for all risks. See Appendices S1.4 and S1.5 for more
detailed results.

To determine if our qualitative analysis revealed new or similar
distortions compared to our quantitative results, we compared the mean
sentiment and narrative focus by risk (N = 14) to the ratios from Table 1

and the random slopes from our mixed regression. We found that risks
with more articles to deaths were also covered in a more negative
sentiment (p = — 0.60,p = 0.025) and were more likely to present
collective solutions (p = 0.73,p = 0.003). In contrast, our qualitative
results were unrelated (both p > 0.29) to the slope adjustments from
our mixed regressions. These patterns, along with their stability over
time, suggest that there are different forms of bias at play.

4. Discussion

Like prior studies (Bomlitz and Brezis, 2008; Combs and Slovic,
1979; Frost et al., 1997; Pilar et al., 2020), we found a substantial gap
between the mortality risks in the US and those covered in the news.
Chronic illnesses are relatively less covered compared to sensational
risks, indicating how the news sets an agenda that prioritizes certain
risks (Gilardi et al., 2022; Langer and Gruber, 2021; McCombs and
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Fig. 3. Panel A depicts solution strategies mentioned in articles, including behavioral, technological, and policy solutions, revealing how articles about sensational
risks tend to present collective, policy solutions whereas articles on chronic illnesses share technological or individual behavioral mitigation strategies. Panel B shows
GPT-4 sentiment (—10 negative to 10 positive), revealing that sensational risks are described much more negatively than chronic illnesses. For panels A and B, the
large dots and error bars show means and 95% CIs and the small dots represent individual articles. Panel C shows mean yearly sentiment, as scored by VADER, for the
entire study period for each risk, with the dark black line showing the overall mean sentiment. This panel illustrates how the differences in sentiment remain largely

stable over time.

Valenzuela, 2020). Qualitative analysis revealed similar biases: chronic
diseases were portrayed neutrally with individual-focused solutions,
whereas sensational risks were depicted negatively and with
collective-focused strategies. These framings suggest that sensational
risks are more concerning and require community or policy solutions
and that such solutions are less necessary for chronic illnesses. Addi-
tionally, our sentiment analysis of newspaper articles aligned with
recent studies on stigma in social media posts about health risks (Brown
et al., 2023c), indicating that differences in how various risks are
described may exhibit similar patterns across different media platforms.
Finally, longitudinal analysis revealed that distortions in framing and
topic remained stable from 1999 to 2020, an important result under

cultivation theory (Busselle & Van den Bulck, 2019; Hermann et al.,
2023).

Despite these distortions, we identified a significant though weak
relationship between changes in mortality rates and media coverage.
While other factors explain the majority of coverage variance, the media
somewhat reflects changes in risk patterns. For more novel risks like
terrorism and pandemics/COVID-19, the media was much more initially
responsive. Perhaps newspapers are focusing on, well, news and so are
less motivated to discuss perennial mortality risks. Still, we found
similar distortions for longstanding sensational risks (e.g., homicide,
suicide, drug overdose), suggesting novelty only partially explains this
disconnect.
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Media attention to different topics may largely be a product of
consumer demand. In this case, news organizations may cater to con-
sumer preferences, focusing on sensational risks that engage consumers
because of evolutionary or cultural factors. Indeed, major themes from
evolutionary psychology (e.g., norm violations, tribalism) often result in
sensational news stories appearing more salient and engaging to con-
sumers (Davis and McLeod, 2003). These evolutionary demands may
interact with other cultural norms that drive consumer demand for
sensational risks, and news organizations may amplify sensational
content out of competition for audience members (Arrese et al., 2019).
As a result, even if certain news outlets were to adjust their coverage to
better reflect the risks people face, audience preferences for sensational
content could push them toward alternative sources that offer more
engaging, albeit less accurate, information. The importance of consumer
demand highlights a key consideration in interpreting our analysis.
While we examine the disconnect between mortality rates and media
coverage, it is neither practical nor ideal to expect proportional repre-
sentation of risks in the media based solely on their incidence. Instead,
we encourage journalists to be mindful of how their selection of topics
and framing may inadvertently lead to inaccurate risk perceptions,
potentially resulting in suboptimal behaviors and policy decisions.
Journalists should aim to provide a more balanced view by noting the
relative risks when covering different mortality risks, publishing articles
that contextualize the scale of various risks, and critically assessing how
much attention their outlet devotes to certain risks compared to others.

We found statistical support for some initially counterintuitive re-
lationships. First, there is a strong negative relationship between media
coverage per death and the total number of deaths across risks. This
likely results from the death rate being part of the ratio, as media sys-
tems have limited bandwidth, the number of stories about a risk may
asymptote rather than increase linearly with the death rate. Alterna-
tively, more frequent causes of death may be less appealing to discuss
than rare, sensational risks due to consumer preferences. The second
unexpected result is that the differences in random slopes across risks
showed varying relationships. While most risks had a positive relation-
ship between death rate and media mentions, some had negative slopes.
These variations may stem from differences in public awareness across
risks. For instance, widespread anti-cancer campaigns during the study
period likely drove media coverage without reflecting short-term death
rate fluctuations. In contrast, risks like influenza showed a strong posi-
tive relationship between media coverage and death rates, likely due to
clear seasonality and public anticipation of yearly strains.

Although our mortality data is derived from aggregate statistics
provided by the CDC, it is important to acknowledge that media orga-
nizations typically do not base their coverage on these statistics. Instead,
news outlets tend to focus on specific events, with unique homicides,
suicides, terrorist attacks, or deaths of prominent individuals from
chronic illnesses prompting immediate coverage. While some articles
may reference aggregate data, this is not the primary lens through which
risks are reported. Therefore, any delay in the publication of aggregate
mortality statistics is unlikely to materially drive our results. Addition-
ally, major publications often cover international events, which may
influence the relationship between deaths and media coverage observed
in our study. Such international coverage could be a source of the bias
underlying our results that could still shape consumers’ perceptions of
the risks they face. Future research should explore other sources of bias
that may lead media organizations to emphasize risks beyond those
directly relevant to their audiences.

Our study has limitations regarding our sample and analytical
techniques. Despite our large dataset covering four major US newspa-
pers, news coverage makes up only a small portion of people’s media-
diets (Allen et al., 2020). Individuals get most of their media from
other sources, so future work could benefit by examining descriptions of
mortality risks from other information sources. Of particular interest is
digital media—including social media and other internet plat-
forms—because it has gained widespread adoption (Twenge et al.,
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2019). Consequently, risk communication on these platforms may be
especially important in shaping individual beliefs and behaviors. Addi-
tionally, our observational study cannot speak to causal patterns be-
tween these measures or their impact on consumers, as we did not
explore how our findings correspond to perceptions, behaviors, or policy
changes. Future research can address this concern with experimental
designs or surveys combined with observational data. Two approaches
are particularly promising for establishing causality. The first, outlined
by Hornik et al. (2022), uses observational data on media coverage of
different risks from numerous information sources, pairing coverage
fluctuations with related health and consumption behaviors measured
across time with a rolling national-representative survey. The second
approach employs experimental techniques to measure the impacts of
various articles on a given risk behavior (Allen et al., 2024), then le-
verages machine learning and the wisdom of crowds to extrapolate these
effects to a larger sample of articles, combining the results with con-
sumption data to determine the net impact of media coverage of risks on
behaviors. Research that includes such designs offer a crucial next step
in understanding the impacts of distorted media coverage of mortality
risks on population health.

Although we did not include belief or behavioral outcomes in our
analysis, we briefly speculate on the potential consequences of our
findings. First, individuals often use simple heuristics when making risk-
decisions (Gigerenzer and Todd, 1999; Siegrist and Arvai, 2020), which
can be skewed by media distortion. For example, relying on the avail-
ability heuristic, people may overestimate the prevalence of heavily
covered risks (Hertwig et al., 2005), viewing them as more problematic
and worthy of attention. Consequently, they may neglect less-covered
but more prevalent and preventable chronic risks. Similarly, the
framing of articles may impact peoples’ beliefs about these risks (Gao
et al., 2022; Guenther et al., 2021), leading consumers to underestimate
the importance of collective solutions.

Beliefs about mortality risk may impact other seemingly unrelated
behaviors. For instance, if individuals feel at risk from uncontrollable
factors, they may value deferred rewards less (Pepper and Nettle, 2017;
Brown and Pepper, 2024b), leading to more present-oriented behavior
and ultimately poorer health outcomes. This behavioral hypothesis has
empirical support (Pepper and Nettle, 2017; Brown and Pepper, 2024a),
and research shows that beliefs about mortality risk are weakly tied to
actual threats (Brown et al., 2023a; Isch et al., 2023). The media dis-
tortions identified here may contribute to that disconnect.

Addressing the negative impacts of media bias will require initiatives
from several stakeholders. Journalists can provide information about
the relative rates of different mortality risks to ensure viewers are aware
of the true risks they face. Public health agencies can partner with media
outlets to promote more accurate and frequent coverage of chronic
diseases, shaping narratives that better reflect the prevalence and pre-
ventability of such diseases. Health practitioners should also be proac-
tive in addressing misconceptions, ensuring that patients receive
accurate information to counter misguided beliefs shaped by skewed
media coverage. Finally, media literacy programs can empower the
public to critically evaluate the information they consume. These ini-
tiatives can equip individuals with the skills to recognize how media
reporting may distort the perception of risk, ultimately leading to more
informed health decisions and behaviors. Together, these strategies can
help align public perceptions with actual health risks, potentially
improving public health outcomes.

In conclusion, we identified significant distortions in media coverage
of mortality risks with newspapers significantly over-representing
sensational risks and under-representing chronic risks. Looking within
risks over time, we found that there is a significant relationship between
mortality rates and media coverage, but that this relationship is
extremely weak. Additionally, sensational risks were framed more
negatively and were often presented with more collective solution
strategies than chronic illnesses. Ultimately, understanding these dis-
tortions is crucial for improving public awareness and informing media
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literacy initiatives, ensuring a more accurate and balanced perception of
mortality risks.
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