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The Media Bias Detector: A framework for annotating

and analyzing the news
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News organizations introduce bias into their coverage via the choices they make about which topics to cover (or
ignore) and how to frame the issues they do decide to cover. Here, we introduce the Media Bias Detector, a scalable
computational framework that integrates large language models (LLMs) with near-real-time news scraping to ex-
tract structured annotations, including political lean, tone, topics, article type, and major events, across hundreds
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of articles per day. We quantify these dimensions of coverage at the sentence level, the article level, and the pub-
lisher level, expanding the ways in which researchers can analyze selection and framing bias in the modern news
landscape. We also release an interactive web platform for convenient exploration of these data and an accompa-
nying dataset covering more than 140,000 articles published in 2024 by 10 prominent publishers. Last, we present
some results derived from this dataset that illustrate how the MBD can uncover correlates of bias in news coverage.

INTRODUCTION

The importance of the media in disseminating information and
shaping public discourse is undeniable. As the primary vehicle for
delivering news and framing societal debate, the media influences
what people think about and how they think about it (1, 2). Even in
an era in which U.S. adults often get their news from social media
and mobile apps, media organizations remain important. News web-
sites or apps are preferred by 23% of adults versus 18% who favor
social media (3), and most links that are shared on social media tend
to originate from mainstream media sources (4). Given its reach and
influence, the reliability of information produced by news organi-
zations continues to be an important concern. In contrast to social
media, mainstream media organizations typically adhere to pro-
fessional journalistic standards of fact-checking and accuracy, and
hence tend not to be the primary sources of what is often referred to
as “misinformation” or “fake news” Nonetheless, the information
they communicate to the public can still be biased in at least two
ways that have long been studied by communication and media
scholars (5-7).

First, “selection bias” holds that media organizations actively choose
which topics, events, issues, and perspectives to cover as well as how
prominently or extensively to cover them (8). For example, although
Hillary Clinton’s use of a private email server while serving as U.S.
Secretary of State was arguably a matter of public interest that ought
to have been covered by the media in the lead-up to the 2016 presi-
dential election, the appearance of 10 front-page articles in The New
York Times in the 8 days leading up to the election represented an
editorial choice to focus on this one issue over all others (9). More
broadly, the attention that media organizations pay to topics such
as crime or health risks has been shown to be unrelated to, or even
inversely related to, the corresponding rates expressed by objec-
tive administrative data (10-12), suggesting again that the extent of
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coverage of these issues represents a choice by news organizations
themselves rather than a reflection of external reality. In both cases,
the information contained in the stories that are published might be
entirely factually accurate and may even be presented in a neutral,
objective manner. Nonetheless, as theories of “agenda setting” have
long held, selection bias can still distort public opinion by driving
attention to some issues at the cost of others that might be equally or
more important (1, 13). Moreover, because the counterfactual issues
are, by definition, not being paid attention to, the distorting influ-
ence of selection bias can be hard to detect.

Second, “framing bias” contends that, conditional on having se-
lected a topic to cover, journalists and editors can exploit additional
degrees of freedom in how they present the constituent facts and
issues, again without necessarily saying anything that would fail a
fact check (14). Framing bias can involve choices about the inclusion
or omission of specific details, perspectives or narratives, the tone or
language used, the context provided, and the inclusion or omission
of background information (2, 11, 15). Such decisions can lead a
reader to reach a desired conclusion that, while not necessarily false,
is only one of potentially many equally true, and potentially qualita-
tively different, conclusions. For example, news organizations are
often accused of covering elections through the frame of sporting
contests (also known as “horse-race coverage”), which emphasizes
the popularity of candidates, rather than through the frame of poli-
cy differences and other issues that are likely to affect voters post-
election (9, 16). As with selection bias, framing bias can be subtle
and hard to detect from the available data. For example, “false equiv-
alence” or “bothsidesism” is a type of framing bias in which mani-
festly unequal views are presented in a balanced and evenhanded
manner (17, 18). In such cases, the bias can be difficult to identify
because it is actively masquerading as neutrality.

As the media landscape continues to expand and simultaneously
fragment, these potential sources of media bias and their attendant
consequences for public understanding of controversial issues make
the development of scalable tools to measure bias more critical than
ever. However, the methods that have traditionally been used to
study bias were developed when news cycles were slower and media
consumption was more centralized, allowing researchers to manu-
ally analyze coverage patterns across a small set of publications. For
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example, traditional content analysis relies on manual annotation
(19-21), which has difficulty scaling even to thousands of articles.
Meanwhile, computational techniques such as keyword frequency
analysis and topic modeling (22-24) scale much better, but struggle
to capture the contextual nuances necessary for identifying complex
forms of bias (25). Last, commercial bias-rating tools such as All-
Sides, Ad Fontes, and NewsGuard measure bias by assigning static,
publisher-level ratings along a one-dimensional left-right spectrum
(26-28). Although useful, these classifications necessarily overlook
within-publisher variation across different topics or events or how
these patterns evolve over time, all of which are questions of poten-
tial interest to researchers.

Recent advancements in large language models (LLMs) present
new opportunities to move beyond these limitations (29, 30). Unlike
traditional natural language processing methods, LLMs can capture
nuanced semantic relationships within text (31, 32). By leveraging
vast training corpora that encompass a wide variety of published
content, these models can identify subtle variations in tone, empha-
sis, and narrative structure that shape media bias (33). Although the
resulting ratings remain imperfect and require careful human vali-
dation, especially as news cycles shift (34, 35), carefully adminis-
tered LLMs can now generate human-quality ratings for even very
complex and subtle judgments (36, 37). Equally important, although
the cost of using commercial LLM:s still presents some scaling limi-
tations, it is feasible to rate hundreds to thousands of articles per day,
allowing for near-real-time, article-level classification across multiple
publishers, and we expect costs to continue to fall.

Here, we introduce the Media Bias Detector, a scalable, near-
real-time system that measures elements of framing and selection
bias at multiple levels, from individual articles to publisher-wide
trends. The Media Bias Detector continuously collects clean and
comprehensive data from a set of major news publishers across the
political spectrum. We also describe a unique dataset derived from
the Media Bias Detector and illustrate how these data can be used to
analyze media coverage during a critical election year. Here, we fo-
cus on data collected during 2024 for the 10 publishers included in
the initial launch of the Media Bias Detector; however, we note that
our set of publishers has grown (currently to 21) as has the time pe-
riod of our data, and we anticipate both will continue to grow over
time. Last, we make the Media Bias Detector methodology and data
publicly available to support academic research on media bias, and
also provide an interactive online tool (https://mediabiasdetector.
seas.upenn.edu) for users to explore and analyze coverage patterns
dynamically (38). Figure 1 illustrates the core design principles of
our framework and shows screenshots of our dashboard.

At the core of our methodology is a multistage pipeline that sys-
tematically tracks and analyzes news articles. Although television
and cable news also play substantial roles in shaping public dis-
course, we currently focus on text-based digital news where the unit
of analysis is each individual news article. We capture homepage
snapshots from major publishers at regular intervals, recording ar-
ticle content, as well as metadata on homepage placement and prom-
inence to measure selection bias. Using LLMs, we classify articles by
topic, political lean, tone, and news type. In addition, we break our
analysis down to the sentence level, capturing nuanced aspects of
framing bias such as sentence type and tone. We also perform event
clustering to group articles together based on their content on a
daily basis and track which events received more coverage than others,
and by which publishers.
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While existing media bias ratings organizations judge media out-
lets as a whole, placing them on a discrete left-right spectrum based
on the entirety of their reporting as well as any political alignment
their pundits or owners may have expressed, our approach evaluates
each article independently and without knowledge of the publisher
or their history. To analyze articles, we use state-of-the-art LLMs
such as GPT-4o to extract a large set of simple labels. By focusing on
labels that are tractable for current models (such as the topic or tone
of a news article) and by validating them with human raters (see
below), we ensure a high degree of confidence in the outputs of our
framework and the resulting dataset. In addition to extracting nu-
merical labels, we also elicit natural language analyses for each article
from the model to summarize its content and aid human oversight.
Last, we allow users to freely combine our data in various ways so
they can use it to answer a variety of research questions about the
media. This flexibility is facilitated by the variety of labels we extract
for each news article and the number of news articles we have col-
lected in our dataset.

To ensure accuracy and transparency, we incorporate systematic
human oversight at multiple stages. Trained annotators regularly val-
idate a random sample of the model’s outputs every day, correct-
ing biases and ensuring consistency in the LLM’s classification. This
human-in-the-loop approach balances scalability with quality con-
trol, addressing key limitations of both fully manual and fully auto-
mated methods. We also conducted an in-depth data validation
exercise to benchmark the effectiveness of LLMs at complex tasks
such as identifying political lean and tone from news articles. Fur-
thermore, our methodology is transparent and publicly documented,
with detailed information about our LLM prompting strategies and
validation procedures available to researchers who use our system.

We argue that the Media Bias Detector enables new avenues of
research into media bias that were previously difficult or impossible
to study beyond the scale of a handful of articles. As we describe in
Results, our data reveal interesting patterns in contemporary news
coverage and offer relatively large-scale, quantitative evidence to ear-
lier qualitative claims of bias. In addition, the scale and granularity of
our data enable deeper investigation of these research questions, re-
vealing nuanced patterns and generating insights that extend beyond
prior research findings. For example, in coverage of political topics we
find a systematic tendency for media outlets to focus more on criticiz-
ing their ideological opposition than supporting aligned positions,
extending previous research suggesting that partisan media effects
are primarily driven by negative coverage of opposition candidates
(39). In another example, we find that headlines often present issues
in a manner that leans more Republican than the associated article
text, complementing recent research showing that biased headlines
can substantially affect readers’ ability to make inferences and recall
facts from news stories (40). In a third example, our data replicate and
extend prior claims of negativity bias in the media, which can in turn
shape how the public perceives the reality of the world.

The remainder of the paper is structured as follows: First, we pro-
vide a detailed explanation of our system for real-time analysis of
media bias, which combines the processing power of LLMs with sys-
tematic human oversight. In this section, we also present evidence
validating our methodology through extensive testing, demonstrat-
ing high accuracy in topic classification, event clustering, and label-
ing article lean and tone using LLMs. Second, we use our curated
dataset to explore a range of questions related to media practices
and biases, showcasing the potential use cases of our dataset for
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Fig. 1. The Media Bias Detector design philosophy. (A) The core guiding principles behind the design of our framework. We analyze each article individually to allow
direct, data-driven comparisons between publishers regarding their selection and framing of news topics. By extracting simple labels using state-of-the-art LLMs, we aim
to ensure a high level of reliability in our dataset. As we have a variety of data points for each article, our framework allows users to freely combine them to gain new in-
sights into the media. (B) The coverage page gives users a long-term view of what topics the media chooses to cover. Users can set filters to narrow the time frame and
click through on each news topic to compare the distribution of subtopics within it. (C) The event page, on the other hand, offers a more immediate view of the daily news
cycle and shows the top news events of the past day along with the amount of attention given to them by each publisher.

gaining deeper insights into media. Last, we discuss the practical
implications of our work and outline how other researchers can
build on our transparent methodology to advance the study of me-
dia bias.

MATERIALS AND METHODS
System architecture
As already noted, our multistage data pipeline is built upon LLMs,
which we use for both their capacity to produce deep contextual
representations of text documents and their instruction-tuned abil-
ity to generate labels without requiring extensive training data.
Prior work has found that LLMs perform well in generative tasks
such as summarization (41, 42), as well as discriminative tasks such
as sentiment analysis and topic classification (43, 44), where these
tasks can even be performed in a zero-shot setting (45). These findings
suggest that LLMs can be well-suited for complex content analysis
tasks like media bias detection, where identifying patterns in context,
tone, and subtle language cues is essential. Critically, LLMs also scale
effectively to large volumes of content that would be unmanageable
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with manual annotation alone (37). As a result, LLMs can compe-
tently and efficiently extract detailed information such as sentence-
level labels and classifications by topic, subtopic, article type, tone, and
political lean at the scale of many publishers in near-real-time (46).
The Media Bias Detector uses LLMs in two ways: First, for label-
ing news articles and sentences using zero-shot prompting; and sec-
ond, for generating contextual embeddings to cluster articles about
major events and highlight important facts within them. Figure 2
provides a high-level overview of our pipeline, which comprises three
primary components: data collection, data labeling, and data valida-
tion. In the following sections, we discuss each of these in detail.

Data collection

Our dashboard currently covers 21 major news publishers chosen to
capture a mix of audience size (see Fig. 3), agenda-setting influence,
and ideological diversity: Associated Press, Breitbart News, CNN,
Fox News, HuffPost, The Guardian, The New York Times, The Wall
Street Journal, The Washington Post, USA Today, Los Angeles Times,
Chicago Tribune, Star Tribune, BBC, Financial Times, Reuters,
Bloomberg, CNBC, New York Post, Newsmax, and The Daily Wire.
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Fig. 2. The Media Bias Detector data pipeline. For each of the 10 publishers, we take a snapshot of their homepage five times per day and scrape the top-ranking news
articles. We then use LLMs to extract multiple levels of structured labels at the article level (topic, subtopic, lean, tone, and type) and the sentence level (type, tone, and
focus). In addition, we obtain vector embeddings for all articles to cluster them based on the events they focus on. We then cluster all sentences from articles about a
particular event to highlight the top facts surrounding it. Our regular human-in-the-loop process adds oversight to this framework and ensures that the generated labels
are accurate.
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Fig. 3. Overall statistics of our dataset. (A) Total number of unique articles in our dataset from each publisher in 2024, compared to their monthly traffic for May 2025
(47). (B) The most popular news topics across this dataset, colored by category (shown in the inset). As expected in an election year, most of the news was dominated by

politics, which comprises more than half of all articles in our dataset.

Of these, the first 10 were included in the initial launch in June 2024
and the remaining 11 were added in May 2025. As indicated earlier,
we expect the collection of publishers will continue to increase over
time, including other publication modes such as television, podcasts,
and social media.

The justification for starting with a relatively small number of
prominent publishers and growing the collection over time is two-
fold. First, our objective of characterizing bias requires us to capture
all relevant text while minimizing extraneous content such as ad
copy or boilerplate text that could generate spurious results. This
goal is complicated by the highly variable formatting of news web-
sites, particularly dynamic mixed-mode features such as “live” articles
that increasingly serve as top stories on several publishers’ websites.
Focusing on just a few publishers allows us to customize our approach
to individual websites and hence obtain a level of precision that would
be infeasible at the scale of hundreds or thousands of publishers. Sec-
ond, media consumption, especially by elites, is highly skewed such
that the handful of prominent publishers that we do cover arguably
play a larger agenda-setting role than even thousands of publishers
with tiny audiences.

Every day, we take a snapshot of each publisher’s homepage five
times, at 6:00 a.m., 10:00 a.m., 2:00 p.m., 6:00 p.m., and 10:00 p.m.
Eastern Time (ET). Then, we use headline placement on these home-
page snapshots to identify the top 30 most prominent articles dis-
played to readers. We determine this position on the page as a
combination of distance from the top, font size of the title text, and
the presence and size of images accompanying the article. Currently,
we disregard content that is not a news article, such as videos, pod-
casts, and photo galleries. We then scrape the text, title, and date of
publication for every article in these top 30 (although we collect the
data for the top 30 articles, for cost purposes the labeled data that we
release on the dashboard and review here are currently restricted to
the top 20 articles). We then preprocess the text to remove advertise-
ments, boilerplate content, and superfluous text unrelated to the
article. In addition, we deduplicate articles based on normalized
URLs to account for superficial variations that may cause the same
article to appear under technically distinct URLs, such as trailing
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slashes, query parameters, fragments, hostnames, and schemes. Ar-
ticles whose normalized URLs are identical are treated as duplicates,
and only one copy is retained in our dataset.

Our data collection started on 1 January 2024, for an initial 10 pub-
lishers (Associated Press, Breitbart News, CNN, Fox News, HuffPost,
The Guardian, The New York Times, The Wall Street Journal, The
Washington Post, and USA Today) and an additional 11 publishers
(Los Angeles Times, Chicago Tribune, Star Tribune, BBC, Financial
Times, Reuters, Bloomberg, CNBC, New York Post, Newsmax, and
The Daily Wire) were added in May 2025. In planned future work,
we will backdate our coverage of the later additions to January 2024
by using screenshots drawn from the Internet Archive (https://archive.
org) to replace the “live” screenshots in the first step of the data ac-
quisition process described above (we will also use this procedure to
backdate all 21 publishers before January 2024). We note, however,
that the illustrative results presented here are based only on the ini-
tial 10 publishers for the period 1 January to 31 December 2024, during
which time we collected over 140,000 unique news articles. Figure 3A
shows the total number of articles per publisher, along with their
most recent monthly traffic statistics (47). Because all publications
are being scraped at the same times, for the same number of articles,
the differences in the number of unique articles reflect the speed with
which they rotate their content.

Data labeling

Measuring media bias is an inherently challenging task even for hu-
mans, in part due to the lack of a universally accepted set of standard
metrics (48). Unlike outright falsehoods, which can be fact-checked
against verifiable sources (49-51), bias is inherently subjective and
difficult to quantify (52). Readers often perceive articles as “biased”
on the grounds that they disagree with them, but in doing so, they
are (usually implicitly) treating their own subjective opinions as the
“truth” (53). In many cases of interest, such as contentious social and
political issues on which subjective views vary widely, there is no
objective or even intersubjective ground truth for measuring bias in
the news. As noted earlier, for example, even ostensibly neutral ar-
ticles can be perceived as biased on the grounds that they ought not
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to have been neutral. Unfortunately, however, in such cases the ap-
propriate lack of neutrality is highly subjective. A second challenge
is that the distinction between selection and framing bias is often
blurry in practice. Consider, for example, a journalist who, inten-
tionally or unintentionally, writes a negative story about the state of
the economy by emphasizing facts about high inflation while omitting
facts about high employment and wage increases. From one perspec-
tive, this example looks like framing bias: Having selected the topic
of the economy, the journalist is framing the story around infla-
tion rather than employment. From another perspective, however,
it resembles selection bias, just operating at the level of facts rather
than topics.

In response to these challenges, our approach is guided by two
general principles. First, although our goal is to quantify bias, de-
fined as systematic patterns of selection and framing effects that are
observed across collections of articles or topics, we note that mea-
suring bias directly requires some “unbiased” reference point to which
these patterns can be compared. Given that such a reference point is
generally unavailable, we instead focus on properties of an individ-
ual article’s text, such as whether its tone is positive or negative or
whether it aligns with one political party’s position or another, that
are easier to evaluate directly. Although, as we explain in more detail
below, even these properties can be subjective, our view is that two
readers with different opinions about a topic may agree on the tone
and lean of an article even as they disagree on what an unbiased ar-
ticle would have said, and hence on the article’s bias. By comparing
patterns in these observable metrics between publishers at one pe-
riod in time, or by tracking shifts in these patterns within a single
publisher over time, we can detect and surface the signatures of po-
tential bias; however, we refrain from assigning explicit “bias scores”
to individual stories or publishers.

Second, we also avoid making a categorical distinction between
selection and framing bias, instead labeling our data at both the

sentence and article level and retaining the flexibility to aggregate
our metrics at a variety of levels such as events, topics, publishers,
and even groups of publishers. In this way, we can capture the effects
of selection and framing without having to settle on a single opera-
tionalization of these constructs ex-ante. Although our approach is
in some respects less satisfying than definitive-seeming bias scores
and cannot detect certain instances of bias (e.g., false equivalency at
the article level), we believe that it is more robust and scalable than
methods that assume a notion of objective truth. Moreover, in in-
stances where objective data are available (e.g., published economic
indicators), our data can potentially be combined with such data to
yield more definitive claims of bias for those specific cases. Figure 4
shows the various data points we extract from each news article, a
sample of which can be found in text S1.

Topic labeling

Each day, we use the LLM to classify the content of every news story
at three levels: category (politics, culture and lifestyle, business and
economy, disaster and incidents, sports, and science and technolo-
gy); topic (e.g., within politics: crime, elections, etc.); and subtopic
(within crime: violent crime, political corruption, etc.). Given the
large number of articles per day and the many possible ways to clas-
sify their content, we created a top-down category-topic-subtopic
hierarchy via an iterative human-in-the-loop process.

First, a selection of coauthors hand-coded the topic and subtopic
of all of the front-page articles in The New York Times and The
Washington Post from 1 September 2022, to the date of the midterm
elections on 8 November 2022 (11). Second, we asked the LLM to
freely generate these labels for 1 month of news. Then, with a mix of
humans and LLMs, we checked which topics and subtopics clearly
fell under our initial set from the 2022 study, and what new topics
and subtopics needed to be generated. Third, we followed an itera-
tive process of asking the LLM to pick its labels from this list or
otherwise suggest others if the list did not work.

News Category

Article Type

The article objectively reports on Kamala Harris securing the Democratic
presidential nomination, focusing on verified facts such as the voting process,
delegate counts, and reactions from politcal figures. It does not provide

in-depth analysis or personal opinions, maintaining a neutral tone throughou

Headline Lean

The article tile highlights Kamala Harris's historic nomination as the first Black
woman and Asian American presidential nominee, which is a significant

News Report [ News Analysis ] [ Opinion ]

achievement for the Democratic party. This positve framing supports the
Democratic party by emphasizing diversity and breaking barriers.

-50-3 2 -1 0 41 42 43 +4 45

Article Lean

l Democrat Neutral Republican

presidential candidate, emphasizing support from prominent Democratic figures

and her record-breaking donations. It also criticizes Donald Trump and his allies

“The artice highlights Kamala Harris's historic nomination as the Democratic l
for using racist and misogynistic rhetoric against Harrs.

@ <>

N\

Headline Tone

-se-:& 2 -1 0 41 42 43 44 45

Democrat Neutral Republican

8/2/2024

Article Tone

Kamala Harris's nomination, but also addresses the negative and racist attacks
she faces from her opponents.

The article has a mixed tone. It highlights the historic and positive aspects of ’

Harris makes history as first Black woman,
Asian American presidential nominee

WASHINGTON - The party votes have been cast: Vice President Kamala Harris is officially the
2024 Democratic presidential nominee — making U.S. history as the first Black woman and first
Asian American from a major party to win that designation. Harfis secured the Democratic
nomination on Friday afternoon, receiving the majority of votes — at least 2,350 — from her
party’s delegates, just one day after voting opened. The Democratic National Committee held a
livestream video hosted by Biden campaign aides and DNC chairman Jaime Harrison...

an

The article title has a positive tone as it highlights a historic achievement by
Kamala Harris, emphasizing her groundbreaking role as the first Black woman
and Asian American presidential nominee. This conveys a sense of progress
and celebration.
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Vice President Kamala Harris has officially secured the 2024 Democratic presidential nomination, making
history as the first Black woman and first Asian American o do so. She received over 2,350 delegate votes and
will accept the nomination next week. Harris is set to face Republican nominee Donald Trump in the upcoming

election, amid rising support and significant fundraising. The politcal landscape is heating up as both

candidates prepare for a competitive race.

Fig. 4. Data points extracted from each article. All labels and qualitative descriptions are obtained using LLMs, and can be aggregated across articles to investigate a

broad range of research questions about media coverage.
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After several iterations, we landed on an initial list of topics and
subtopics. Currently, the list contains 33 topics and 162 subtopics
across the six categories, where we add new topics and subtopics when
human editors see evidence of articles not cleanly falling within our
current list. Each article is assigned to exactly one topic and subtopic,
and each predefined topic is mapped to one of these six categories,
defaulting to politics when an article may fall in several categories.
Clearly, many articles could plausibly be classified into more than one
topic, and many other topics and subtopics could have been included
beyond the ones we chose. However, our preference for single assign-
ment to a relatively short list of topics has the dual benefit of improv-
ing classification accuracy and simplifying aggregation. Figure S1
shows the full list of topics and subtopics developed in this process,
and figs. S2 and S3 show the topic and subtopic labeling prompts that
ask the LLM to choose from within this hierarchy, respectively. The
most popular news topics in 2024 by number of articles are shown
in Fig. 3B. As expected, most of the coverage was dominated by poli-
tics, in particular the U.S. Presidential Election.

Last, for each article we also generate a short summary of its main
takeaways using GPT-40-mini (see fig. $4 for the prompt). This sum-
mary distills the article into a few sentences that cover the key points
a reader is likely to remember, and can be used as a compressed rep-
resentation of the article content for downstream analysis. These
summaries also facilitate manual exploration of the dataset by allow-
ing users to quickly skim the takeaways instead of having to read the
full article to understand its gist.

Article lean, tone, and type

Aside from topic categorization, the three article-level properties that we
measure are political lean, tone, and type. Political lean, which we also
refer to as lean, is defined as the extent to which the article either explic-
itly or implicitly aligns with the viewpoints, policies, or concerns of
Republicans versus Democrats. Lean can manifest itself as overt parti-
san bias, such as when an article directly criticizes a political party or its
representatives, but can also be more subtle, such as when certain topics
or perspectives are inherently more aligned with one party’s preferences
or policies. For example, GPT-4o tends to code articles supporting social
justice movements as Democratic-leaning, even when the article neither
endorses nor critiques either party, on the grounds that such issues are
more explicitly associated with Democrats than Republicans.

Lean, in other words, is itself a complex and multidimensional
concept that is also somewhat subjective. To improve consistency
and transparency, we first ask the LLM to generate a natural lan-
guage analysis of the article’s political lean and then provide an ap-
propriate numerical score on an 11-point Likert scale in the range of
[—5, +5] (see fig. S5 for the prompt). Following the chain-of-thought
prompting approach (54), this encourages the model to articulate an
analysis of the article before scoring, which both improves the con-
sistency of its outputs and also provides an interpretable summary
of the article’s lean. Moreover, as we will describe below (see “Article
lean, tone, and type” under “Data Validation”), human raters agree
substantially with GPT-40’s lean and tone ratings.

We caution that we cannot rule out that both GPT-40 and human
ratings are themselves biased in the sense that a right-leaning rater
might code lean systematically differently from a left-leaning rater.
Nonetheless, we believe that lean ratings are more reliable than ask-
ing directly about bias in the sense that it is easier (both for LLMs
and humans) to determine that a particular article is pro-Republican
or pro-Democratic than what its “true” orientation ought to be, and
hence how it differs from the truth.

Haider et al., Sci. Adv. 12, eaea7456 (2026) 9 September 2026

In addition to lean, we also measure tone, defined as the extent to
which the article overall has a positive versus negative tone. As with
lean, the tone of an article, or of a body of news coverage, also repre-
sents an editorial choice that can shape readers’ opinions. For exam-
ple, talking about the economy in a pessimistic tone can be interpreted
as a publisher taking a negative stance with respect to the incumbent
administration, and by extension, the governing political party. Al-
though tone tends to be simpler and more easily interpretable than
lean, it too is open to a certain amount of subjectivity. As with lean,
therefore, we also use chain-of-thought reasoning, asking the LLM
both for a human-interpretable analysis of the article and a numerical
rating in the range [—5, +5] (see fig. S6 for the prompt). Figure 4
shows an example of the output from both prompts illustrating the
surprising sophistication and depth of the explanations. In the “Article
lean, tone, and type” section, we provide results on the validation
of these labels. We also tested for robustness of these ratings by re-
running the same prompt five times on a set of 50 articles spanning
diverse topics and the full range of lean and tone labels. The average
Pearson’s r was 0.99 for lean and 0.97 for tone (fig. S16). Of the 50 ar-
ticles, the lean and tone ratings were identical across all runs for 35
and 37 articles, respectively. In cases with any variation, the confi-
dence intervals were almost always within 1 scale point of the mean.

We also repeat the above labeling process separately for the arti-
cles’ headlines to study how they may deviate from the actual article
text in terms of lean and tone, which is itself a form of media bias.
We use the same wording for both prompts with the addition of the
article’s topic to give the model more context to interpret the head-
line. The prompts for headline lean and tone labeling can be found
in figs. S7 and S8, respectively.

Last, we also label the article’s type as a news report, news analy-
sis, or an opinion piece. We consider an article to be a news report if
it provides fact-based, objective reporting on an event. Meanwhile,
a news analysis article is a more in-depth examination accompanied
by context. An opinion piece is more subjective than either of these,
and can reflect personal views or beliefs of the writer. Classifying the
type of an article is important for studying media bias because dif-
ferent types carry different expectations of objectivity. We generally
expect news reports to be impartial, whereas opinion pieces are un-
derstood to represent a particular viewpoint (although we note that
readers are not necessarily aware of this distinction). These labels
can thus be used in conjunction with lean and tone to help under-
stand where in a publisher’s reporting bias shows up most strongly.
As with lean and tone, we ask the LLM to provide a natural language
analysis in addition to the categorical label (see fig. S9 for the prompt).
Since the boundaries between these categories can often overlap—
for example, a news analysis may blend factual reporting with inter-
pretive framing in ways that bring it close to an opinion piece—the
LLM’s analysis serves as a useful check on borderline cases.
Sentence type, tone, and focus
In addition to article-level labels, we also label every sentence in an
article with three features: type, tone, and focus. These sentence-level
annotations complement the article-level labels by enabling more fine-
grained analysis of how bias manifests within the structure of indi-
vidual news stories.

The type of a sentence can be one of “fact;” “opinion,” “border-
line,” “quote,” or “other” We do not ask the model to evaluate the
truth or falsity of any claims, and hence by fact, we mean only that it
has the form of a factual claim or statement, not that it is a true fact
(55). Opinion refers to sentences that express a viewpoint or belief.
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Borderline captures sentences that blend factual reporting with in-
terpretive or evaluative language. Quote identifies direct quotations,
which are handled separately in our quote extraction pipeline (“Quote
extraction” section). Last, other is a residual category for sentences
that do not neatly fit into any of the above types.

The tone of a sentence is defined in a similar way to tone at the
article level but is assigned only one of three values: “positive,” “neg-
ative,” or “neutral” We use this coarser rating scale to reflect the more
limited information available at the sentence level. However, even
these coarse labels can be useful when aggregated, for example, to
study the proportion of positive or negative sentences in coverage of
a particular topic or individual.

Last, focus identifies whether the sentence refers to a particu-
lar political party, with possible values of “Democrat,” “Republican,”
“neither;” or “both.” Focus differs from lean in that it only asks what
is being referred to, not whether the reference is “pro” or “con,” and
hence is simpler to answer reliably (we do not code individual sen-
tences for lean, as these ratings do not appear to be reliable).

Although these labels are extracted at the sentence level, their
coding still requires the surrounding context of the article to make
accurate judgments. Therefore, we pass the entire article to the mod-
el in the form of an enumerated list of sentences, which we obtain by
using the Stanza toolkit (56) for segmentation. The full sentence la-
beling prompt can be found in fig. S10.

Quote extraction

Quotations serve as critical elements of news articles, providing first-
hand perspectives to readers while simultaneously enabling journal-
ists to frame their stories by choosing whom to quote and how. This
allocation of voice, determining whose perspectives are amplified
through direct quotation, represents a potentially important yet under-
studied dimension of media influence. A publisher that consistently
quotes individuals associated with one political party over another, for
example, implicitly frames its coverage of an issue through their lens.

To study this dimension of bias, we extract structured information
for all quotes in each news article using GPT-40. We focus on direct
quotations because they form a clearly defined and reliably identifi-
able element of news articles. Furthermore, we perform this extraction
as a dedicated task independently of the sentence labeling described
above because quotes can span multiple sentences and can be accom-
panied by important contextual information that may be found in a
separate sentence or in a different part of the article altogether. In par-
ticular, we extract the name of the person being quoted as well as their
occupation and affiliation if that information is available anywhere in
the article (see fig. S11 for the prompt). We also ask the LLM to clas-
sify the person’s domain (e.g., Politics, Sports, etc.) and the capacity in
which they are being quoted (e.g., a spokesperson, an expert, etc.)
based on the context of the article. Together, these fields allow us to
analyze whose perspectives are amplified by the media.

Event clustering

Comparing how different publishers cover the same event is funda-
mental to studying selection and framing bias, but doing so requires us
to first identify which articles are about the same event. While the news
categorization described earlier allows comparisons over long-running
topics, event-level analysis enables a more granular analysis of coverage
in a shifting news cycle. To this end, we develop a clustering framework
that groups articles into precise, interpretable event clusters every day.

The clustering pipeline, illustrated at the bottom of Fig. 2, oper-
ates in three stages Fig. 2 In the first stage, we use OpenAT’s text-
embedding-3-large model to obtain vector embeddings for all news

Haider et al., Sci. Adv. 12, eaea7456 (2026) 9 September 2026

articles published on a given day. We then compute cosine similarity
between all pairs of articles and represent them as nodes in a net-
work where the edge weight between any two articles is equal to their
similarity. We drop edges below an empirically determined thresh-
old of 0.85, chosen through manual inspection of cluster quality during
development, and keep only connected components containing at
least three articles across all publishers. These connected components
form cohesive article clusters around major news events. Important-
ly, this approach does not constrain the number or size of clusters:
On days where the news cycle is dominated by one major story, we
might observe a skewed distribution with one large cluster, while on
other days with dispersed coverage, a larger number of smaller clus-
ters may emerge.

In the second stage, we refine these initial clusters with LLM-
based verification of their quality. First, we use GPT-40-mini to as-
sign a thematic title to each cluster based on the headlines of the
articles in it (see fig. S12 for the prompt). This step yields a list of the
day’s major event themes. We then perform two complementary re-
finement steps. To improve recall, we give GPT-4o the headlines of
all articles from that day that were not assigned to any cluster and
ask it to assign the appropriate ones to each of the event themes (see
fig. S13 for the prompt). To improve precision, we give the model
the list of headlines within each event cluster and ask it to flag any
that are not related to the theme (see fig. S14 for the prompt). These
steps ensure that no related articles are incorrectly left out of a clus-
ter, and no unrelated articles are incorrectly included within a clus-
ter. The cluster assignments after this refinement step yield our final
event themes and their constituent articles for that day.

In the third stage, we extract the key facts associated with each
event to study which facts certain publishers choose to include (or
omit) and how they frame them. We begin by retaining only those
sentences within an article that were labeled as facts in the sentence
labeling pipeline (“Sentence type, tone, and focus” section). Then,
we apply the same embedding-based clustering process described
above to all factual statements across all articles in that event, this
time at the sentence level using the smaller text-embedding-3-small
model and a lower cosine similarity threshold of 0.8. This yields
clusters of highly similar statements coming from different publish-
ers, where larger clusters represent the most widely repeated and
crucial pieces of information surrounding the event. We then sum-
marize each fact cluster, which contains variations of the same core
information, into a single, representative, synthetic statement using
GPT-40-mini (see fig. S15 for the prompt). These summary facts
capture the most widely reported and important pieces of informa-
tion about a particular event, and can be used to study bias in fact
selection between publishers at the event level. Figure S26 shows a
sample of the output from our event clustering pipeline.

Data validation

To evaluate the quality of labels generated by our system, we built a
custom data annotation platform and conducted separate data la-
beling exercises for each facet of our data: article lean/tone/type,
article topic/subtopic, sentence type/tone/focus, and event clusters.
Each of the four data dimensions was independently labeled by three
annotators. We used Pearson’s r to compute correlation for the numeri-
cal article lean and tone ratings and Cohen’s k to compute agreement
for the remaining categorical labels. We represent the interannotator
agreement as the mean of all pairwise agreement scores between the
three annotators, and model-annotator agreement as the mean of all
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pairwise agreement scores between the model and each of the three
annotators. To evaluate whether the level of model-human agree-
ment is consistent with human-human agreement, we perform a
bootstrap test with 10,000 resamples to show that their confidence
intervals overlap and that the agreement between the model and hu-
mans is statistically indistinguishable from that between the human
annotators themselves. The following sections describe the results
for each dimension of the data separately, with full results presented
in Fig. 5.
Article topic and subtopic
We sampled 512 news articles with equal representation from all
topics and subtopics where possible and asked three annotators to
independently assign appropriate labels to them at both levels. The
full set of 512 articles was used for the topic-level analysis. For the
subtopic-level analysis, however, we restricted the sample to 243 ar-
ticles where all annotators and the model had selected the same
topic, and compared the subtopic labels within that subset. We com-
puted pairwise Cohen’s k and found strong interannotator agree-
ment at both the topic [mean = 0.668, 95% confidence interval (CI;
0.634 t0 0.702)] and the subtopic level [mean = 0.734, 95% CI (0.691
to 0.778)]. Comparing these labels with the model’s outputs, we find
that it achieves comparable k at both the topic [mean = 0.649, 95%
CI (0.614 to 0.683)] and subtopic level [mean = 0.751, 95% CI (0.708
to 0.793)]. These results show that the model closely tracks human-
level performance as the model-annotator agreement was statisti-
cally indistinguishable from interannotator agreement for both topics
and subtopics.

In most cases, we found that misclassifications were not outright
wrong, but that the article existed at the intersection of multiple top-
ics and could reasonably have been classified as either. Figures S22

and S23 show the confusion matrices for topic- and subtopic-level
classification, respectively. For example, an article on the involve-
ment of the U.S. in a foreign conflict might be classified as about
“foreign policy” but also as about “war and international conflict”
We continue to evolve our news topic and subtopic hierarchy to ac-
commodate shifts in the news cycle as well as to update it retrospec-
tively and make it more robust to future changes.

Article lean, tone, and type

To evaluate our lean, tone, and type labels for news articles, we di-
vided our 11-point Likert scale for lean and tone into five buckets
each ([-5, —4], [-3, =2], [-1, 0, +1], [+2, +3], and [+4, +5]) and
sampled two articles from each of the 25 possible lean-tone bucket
combinations while ensuring a balanced distribution over the un-
derlying 11-point values, yielding a total of 50 articles. We recruited
three PhD students in communication who had a deep understand-
ing of the media and the current U.S. political landscape to read
each of these articles and code their lean, tone, and type. The full
interface for these tasks can be seen in figs. S18 and S19, and the
codebook provided to the annotators can be found in text S2.

To evaluate interannotator agreement for the numerical labels,
we computed pairwise Pearson’s r and found high correlations be-
tween the annotators for both lean [mean = 0.756, 95% CI (0.602
to 0.875)] and tone [mean =0.772, 95% CI (0.667 to 0.858)]. The
model’s average correlations with the human annotators closely
tracked the interannotator values for both lean [mean = 0.800, 95% CI
(0.682 t0 0.890)] and tone [mean = 0.786, 95% CI (0.692 to 0.862)]. For
news type, the pairwise interannotator x indicated moderate agree-
ment [mean = 0.518, 95% CI (0.368 to 0.665)], reflecting the inher-
ently subjective nature of the task, while the model’s labels achieved
comparable agreement as well [mean = 0.577, 95% CI (0.435 to 0.711)].
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Fig. 5. Validation results across tasks. Average pairwise interannotator and model-annotator agreement across article, sentence, and event-level validation tasks. The
strong correspondence between human and model agreement, along with overlapping confidence intervals, indicates that the model’s labels are highly consistent with

human labels.
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In all three cases, the model’s agreement with human labels was in-
distinguishable from the interannotator agreement. Figure S24 shows
the scatter plots for lean and tone ratings and the confusion matrix
for article type labels.
Sentence type, tone, and focus
To validate sentence labels, we used a subset of 25 articles from the
article lean and tone annotation task and asked a separate set of an-
notators to label the type, tone, and focus of every sentence. These
25 articles contained a total of 1011 sentences, for an average of 40.44
sentences per article. The full task interface is shown in fig. S21 and
the codebook provided to the annotators can be found in text S3.
Most sentences in the news articles were neutral facts that did
not mention any particular political party, although this fraction
varied for different article types and topics. The interannotator k was
moderate for sentence type [mean = 0.574, 95% CI (0.543 to 0.604)]
and tone [mean = 0.494, 95% CI (0.451 to 0.537)] and high for focus
[mean = 0.731, 95% CI (0.701 to 0.761)]. This pattern likely reflects
that focus, which involves identifying concrete references to politi-
cal actors or parties, is a more unambiguous feature than type and
tone, which require more subjective judgments that depend on con-
textual interpretation. The model’s agreement with the annotators
showed a similar trend, with moderate values for type [mean = 0.603,
95% CI (0.572 to 0.633)] and tone [mean = 0.508, 95% CI (0.465 to
0.549)] and high « for focus [mean = 0.685, 95% CI (0.653 to 0.717)].
Figure $25 shows the confusion matrices for all three sentence labels.
Event clusters
To evaluate the accuracy of our event clustering pipeline, we asked
three annotators to read all headlines from a given day and assign
them to the most relevant event theme out of the set generated by
our system. Figure S20 shows the full interface for this task. We picked
1 October 2024, which was the date of the U.S. Vice-Presidential
Debate and represented a mix of major and minor events being cov-
ered in the news. There were a total of 791 articles published on that
day, with 361 of those distributed across 22 major events, ranging
from new escalations in the Israel-Iran conflict (75 articles) and the
VP debate (65 articles) to Julian Assange’s plea and a Verizon outage
(three articles each). The full list of events can be found in table S1.
The average interannotator agreement as measured by Cohen’s k
was very strong [mean = 0.922, 95% CI (0.902 to 0.939)], and the
model-annotator agreement was equally high [mean = 0.922, 95%
CI (0.903 to 0.940)], where both were statistically indistinguishable
from each other. In addition, we used precision and recall to evalu-
ate the quality of the clusters, where higher precision indicates that
the clusters contain fewer unrelated articles, and higher recall indi-
cates that the clusters do not miss any relevant articles. Because our
framework uses a high cosine similarity threshold, which ensures
that only highly similar articles are clustered together, we achieve a
precision of 0.941. In addition, the automated prompt-based cluster
refinement essentially mimics a human review phase to filter out un-
related articles and achieves a high recall of 0.918. This results in an
overall F1 score of 0.919, showing the effectiveness of our system for
generating news clusters that are highly cohesive yet also have com-
prehensive coverage.

RESULTS

In this section, we apply our curated dataset from 2024 to a handful
of questions about media practices and biases. Because of length con-
straints, we do not attempt to answer these questions comprehensively,
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but rather use these exercises to illustrate the richness of the dataset
and demonstrate its potential to serve as a resource for future re-
search. For example, our dataset allows researchers to answer many
more focused questions by examining different subsets, enabling tar-
geted investigations into specific aspects of media coverage, topical
biases, or temporal trends.

The imbalance between policy and election horse

race coverage

News organizations operate under constraints of limited time and
space, meaning they need to make careful choices about which stories
to cover. This gatekeeping power has been extensively studied in the
social sciences, particularly under the framework of agenda setting,
which posits that while news media may not directly dictate what peo-
ple think, they substantially influence what people think about (1). In
making editorial decisions, news organizations assess the newsworthi-
ness of events based on various factors such as prominence, timeliness,
and proximity (57). This assessment is particularly important given that
news organizations are often private entities driven by profit or political
motives and aim to conform to their audience’s prior beliefs (58). Fur-
thermore, these editorial choices have a major impact on readers, whose
understanding of the world around them is shaped by the news they
consume. Ideally, news organizations should help voters make in-
formed choices by informing them about policy discussions. However,
existing literature has highlighted that media outlets tend to focus pre-
dominantly on the “horse race” elements of elections, emphasizing can-
didates’ polling numbers, strategic positioning, and projected wins,
which can overshadow crucial policy issues (59, 60).

Our data offer a more comprehensive quantitative analysis of the
coverage of horse race dynamics compared with other critical policy
issues in the lead-up to the 2024 U.S. presidential election than has
previously been possible. Specifically, using our topic and subtopic
classification system, we carried out a detailed comparison of the
amount of coverage dedicated to the presidential horse race versus
policy discussions. Figure 6 illustrates this disparity, showing that
horse race coverage of the election overwhelmingly dominated all
news outlets, even receiving more attention than all policy issues com-
bined. Beyond this dominant topic, Fig. 6 also reveals systematic
differences in other topics across publishers (61, 62). For example,
outlets like Breitbart and, to a lesser extent, Fox News allocated sub-
stantially more coverage to Immigration Policy and Reform in com-
parison to left-leaning media such as CNN or The Guardian.

Political lean varies across news topics
As discussed earlier, news producers can also influence public percep-
tion through their framing of issues (7), defined broadly as choices in
language and context as well as the inclusion or omission of certain
details and perspectives (2, 58). Here, we study lean, the extent to
which a news article supports Democratic or Republican viewpoints
and policies,. Current methods typically reduce news publishers to a
single value of metric by assigning them a political lean rating that
ranges from “left” to “right” (26, 27, 63). While these static classifica-
tions are useful, they often fail to capture the nuances of bias within a
single publisher, across various topics, or even from one article to an-
other. Understanding how partisan alignment shifts depending on the
subject matter can substantially enhance our comprehension of media
dynamics and discourse.

As described above (see the “Article lean, tone and type” section),
the Media Bias Detector provides lean labels at the article level,
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Fig. 6. The imbalance between policy and election horse-race coverage. The media primarily covered the election as a horse race instead of focusing on more substan-
tive policy discussions to inform their readers of each candidate’s and their party’s agenda. Across all publishers in 2024, more than four times as many articles were fo-
cused on the horse race as on all policy topics combined, with a notable share of policy coverage driven by Breitbart’s emphasis on immigration.

allowing for a more nuanced analysis of media outlets’ political lean.
Figure 7 presents the average political lean across publishers and
topics, with negative values indicating a Democratic lean and posi-
tive values indicating a Republican lean. Although the overall pattern
aligns with commonly held perceptions of these publishers’ political
lean, Fig. 7 reveals variations in lean not only across different outlets
but also within publishers on different topics.

For example, although it is generally true that an outlet’s stance
on one issue tends to correlate with its stance on others, the extent of
this alignment can vary considerably depending on the topic. For in-
stance, The New York Times exhibits a consistently left-leaning po-
sition on topics such as the environment, whereas it maintains a
relatively neutral stance on technology. In contrast, Fox News pres-
ents a more right-leaning stance on both topics. Figure 7 also shows
that The Wall Street Journal appears to be the most neutral outlet
within this set of publishers, maintaining a relatively balanced stance
on most topics. Although The Wall Street Journal is often perceived
as having a conservative lean, its apparent neutrality here likely stems
from its relatively heavy focus on business and the economy, which,
along with sports, travel, technology, and health and wellness, tend
to be less partisan than political topics. We also reemphasize that
neutrality does not imply a lack of bias. Whereas the former can be
evaluated directly from the text of an article, the latter requires knowl-
edge of some (typically unobservable) ground truth, which could
potentially favor one “side” over the other. In such a case, a neutral
stance would in fact reflect bias, as is often asserted in accusations
of “false balance” or “bothsidesism” We also emphasize that even
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claims about neutrality are inherently relative and can only be made
in the context of other publishers or, alternatively, the same publisher
over time. The characterization of The Wall Street Journal as “the
most neutral” publisher is therefore specific to this particular sam-
ple of publishers and likely will not generalize to other samples.

With these caveats in mind, we observe that the overall ordering
of publishers based on our framework nonetheless aligns closely with
past work that has focused on assigning ideological slant to news
publishers based on their consumption patterns or crowd-sourced
labels, as shown in fig. S27. Here, we compare the average political
lean score for each publisher across all articles with estimates from
(64) and (19). Our estimates align closely with both studies, show-
ing strong correlations of R* = 0.946 with (64) and R* = 0.976 with
(19), demonstrating the consistency of our approach with established
findings. We also show that this lean is not static but fluctuates over
time (fig. $28), highlighting changes in news outlets’ reporting in
response to major events.

Most news is negative, especially politics

As discussed earlier, the tone in which stories are presented can be
another indicator of framing bias. Prior work has found that tone
plays a critical role in agenda-setting (65) and influences the sa-
lience of negative and positive elements within the public debate
(66). In politics, for example, voters have been found to be influ-
enced by the tone of news coverage surrounding an election candi-
date (67), while in economic reporting, news sentiment predicts
macroeconomic variables like consumption and output (68).
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Fig. 7. Political lean varies across news topics. This figure illustrates the average (indicated by the vertical red line) political lean of selected news outlets, categorized
by topic. Negative values indicate a Democratic lean, whereas positive values suggest a Republican lean. The red line shows the average lean for a publisher across all
topics; the variation highlights the nuanced and topic-dependent nature of media bias. Variations in the degree of political alignment provide insights into each outlet’s

editorial stance and the complexity of bias representation in media coverage.

Here, we study negativity bias, an important case of framing bias
in the media, which has been extensively documented in both the
production and consumption of news (69, 70). This focus on the
negative could arise from both the selection and framing of news.
On the selection side, it often involves prioritizing stories inherently
perceived as negative, such as those involving conflict, crime, and
disasters (71). On the framing side, any given story can be presented
in a more or less negative light through the deliberate use of specific
words and phrases (72). The tone classifications in our dataset cap-
ture both of these aspects, providing a comprehensive view of how
negativity is embedded in news content across a wider range of top-
ics and publishers than has previously been possible.

Figure 8 depicts the average tone (left y axis) of articles across
topics as well as the number of articles on that topic (right y axis).
We find that the majority of the news content analyzed contained
negative elements, aligning with trends that are well documented in
the aforementioned literature. However, we also extend this finding
by showing how tone varies within political news, which is consis-
tently negative yet also receives the highest volume of coverage. This
combination of high negativity and high visibility in political news
has important implications for democratic discourse, as it may con-
tribute to political cynicism and disengagement (72). Moreover, our
cross-topic analysis demonstrates how this negativity bias extends
beyond politics (e.g., religion and economy), suggesting a systemic
feature of contemporary news production that affects how the pub-
lic perceives various aspects of social life.

Headlines are not always faithful to their articles
A headline is arguably the most important part of any news story
and sets the stage for the rest of the article. For many casual readers,
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the headline might be their only takeaway about an event, an effect
that is exacerbated by the news feeds common on social media plat-
forms that focus almost exclusively on headlines (73). Consequently,
any misalignment in lean or tone between news headlines and the
accompanying articles (74) raises concerns for at least two reasons.
First, many individuals decide to share information based solely on
the headline, without reading the full news article. A recent study on
social media sharing demonstrated that more than 75% of the news
articles shared on Facebook were not clicked on before being for-
warded (75). Second, even when people do read the entire article,
the headline continues to exert a substantial influence on opinion
formation. If the information presented in the headline is incongru-
ent with the article’s content, individuals often struggle to adjust their
initial impressions (76) and their ability to recall facts presented in
the article is negatively affected (40).

The separate labeling of headlines and article texts with identical
prompts in our framework enables us to explore this phenomenon
across both dimensions of tone and political lean. Figure 9 presents
the results broken down by news category. In Fig. 9A, the average
headline lean is represented on the y axis, and the average article
lean on the x axis, with positive values indicating an increasingly pro-
Republican lean (red) and negative values indicating an increasingly
pro-Democratic lean (blue). The dark blue marker shows the mean
across all articles, and the size of each scatter point reflects the num-
ber of articles within that category.

Our results reveal that news headlines systematically lean more
pro-Republican than the articles themselves, as evidenced by the po-
sition of the dark blue marker, the overall average, which is above the
diagonal in Fig. 9A. This pattern is most pronounced in the “busi-
ness and economy” category, where articles are fairly neutral overall
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Fig. 8. Most news is negative, especially politics. The colored bars represent the average tone of articles that fall in the top 20 topics by number of articles (shown in
gray), sorted from most negative to most positive. Negative tone is prevalent, both by number of topics and by the total volume of articles. Except for news about
weather and natural disasters, all of the remaining topics that are more negative than the average (red line) are related to politics, highlighting the pervasive nature of

negative elements in media coverage.

but are often accompanied by headlines that lean more pro-Republican.
Similarly, for the “politics” category, the articles lean slightly pro-
Democratic but the headlines are effectively neutral, a trend that can
be even more pronounced for specific events (fig. S29). Figure 9B
presents the same comparison for tone, with average headline tone
depicted on the y axis and average article tone on the x axis. Although
the overall mean lies close to the diagonal, suggesting a close corre-
spondence of tone between headlines and articles on average, this
aggregate measure masks substantial heterogeneity across topics. That
is, topics with inherently positive content (sports, culture and life-
style, and health) tend to have headlines that are less positive than
their corresponding articles. Conversely, for typically negative top-
ics like politics and disasters, the headline tone either aligns with or
is slightly more positive than the article text. Comparing headline
and article labels on both of these dimensions also shows that the
observed pro-Republican lean is not due to differences in length or
style of headlines compared to the full articles (since the same shift
is not seen in tone), but may instead reflect editorial choices about
how to frame the news.

Media outlets’ partisan focus is inversely correlated with
their lean

Partisan news outlets use various tactics to advance their ideological
agendas, including their choices about which political actors to cover.
One intriguing example that has been studied previously is the ten-
dency of partisan media to focus more on critical coverage of opposing
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political groups than on positive coverage of their ideological allies
(39). Our data can address this question by applying a combination
of focus and lean measures at a larger scale than has previously been
possible with human-annotated data. Figure 10 compares the politi-
cal lean of articles, which measures the extent to which each article
supports the viewpoints and policies of one party over the other,
with the focus of the corresponding article for the 10 publishers in
our dataset. As noted earlier, focus is measured on a sentence-by-
sentence basis, indicating whether each sentence references the
Democratic Party, the Republican Party, both, or neither. From these
labels, we compute an article-level focus score by averaging the indi-
vidual sentence scores, with Republicans coded as +1, Democrats as
—1, and neither or both as 0. Figure 10 reveals a negative correlation
between focus and lean, indicating that more left-leaning publishers
tend to talk more about Republicans than right-leaning ones, and
that the average focus across all outlets is skewed toward Republi-
cans. We note that our focus measure conflates positive and negative
mentions; thus, although our findings are directionally consistent
with the hypothesis that partisan outlets focus more on opposing
parties, they do not rule out the possibility that outlets also engage
in “cheerleading” for their own side.

DISCUSSION
In this paper, we have introduced the Media Bias Detector, which
leverages LLMs to analyze news media at the scale of hundreds of
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articles per day and in near-real-time to support and accelerate re-
search on media bias. Our work builds on broader efforts to quantify
the impact of news on democracy (77), in particular by constructing
robust, scalable data infrastructure for studying how news moves from
production to consumption and absorption. In addition, the Media
Bias Detector exemplifies the related goal of building web-based in-
teractive visualizations to communicate insights to nonacademic stake-
holders (38). By making our data and dashboards widely accessible,
we hope to enable data-driven transparency in journalism, allowing
stakeholders, including policymakers, educators, and media profes-
sionals, to engage with the findings in meaningful ways.

The Media Bias Detector complements existing media datasets
such as PeakMetrics, GDELT, and Media Cloud that already provide
researchers with high-volume collections of online news articles, en-
abling large-scale studies of media coverage (78); indeed, much larger
than we have presented here. Although these datasets collectively con-
stitute a valuable resource, like all such efforts they suffer from limi-
tations. As noted earlier, for example, scraping thousands or tens of
thousands of websites daily, or even more frequently, over long peri-
ods inevitably introduces numerous problems with data missingness
and quality. Articles that are easier to extract, such as those from pub-
lishers without paywalls, tend to be overrepresented, while those from
publishers with sophisticated paywalls are more sparse. Furthermore,
these very large-scale scraping efforts generally treat content across
the entire website equally, regardless of whether it is featured promi-
nently on the homepage or buried deep within the category pages. In
contrast, the Media Bias Detector focuses on effectively capturing the
top stories from each publisher’s homepage at regular intervals with
high reliability. As such, our approach prioritizes capturing stories that
receive substantial exposure, creating opportunities to study how pub-
lishers shape public focus through their editorial choices.
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Fig. 10. Media outlets focus more on the opposing party than on their own
side. Association between publishers’ political lean and coverage of each political
party. The x axis shows the average political lean of all articles by a publisher (posi-
tive values represent more pro-Republican lean and negative values represent more
pro-Democratic lean) and the y axis shows the ratio of sentences that mention Re-
publicans (positive) versus Democrats (negative). The more a publisher talks about
a particular party, the more they lean toward the opposition.

Symmetrically, our approach also reveals which topics are absent
from the headlines, allowing researchers to study patterns of omis-
sion, cases where major political actions, policy decisions, or social
issues receive substantial coverage from some outlets but are largely
overlooked by others. By leveraging LLMs and measuring multiple
quantities at the article and sentence level, our approach generates
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higher-quality and more granular labels than have been possible un-
til very recently. Last, the continuous human-in-the-loop monitor-
ing ensures that our system is able to adapt to the news cycle and
avoid concept drift. In this way, we ensure that our dataset is always
up to date with the events and topics being covered in the media and
classifies them accurately. Although our current focus is on text-
based news from mainstream media, our framework could also be
adapted for social media by updating our prompts to more effec-
tively label short-form text and by incorporating interaction data
and network features such as likes and shares to measure the popu-
larity and influence of various pieces of content.

Naturally, our approach also has important limitations. First, our
data collection process does not provide exhaustive coverage of all
online news. We limited ourselves to 21 major publishers (10 in the
first stage of the project), but there are many more local and online
news sources whose coverage may be of interest depending on the
research question being studied. Further, by limiting ourselves to
the top-ranking news articles from these publishers and only col-
lecting them at regular intervals throughout the day, we may miss
articles that either do not show up in the top 20 or appear only brief-
ly and disappear before we are able to scrape them. The time frame
of our collection is also limited to January 2024 onward, which lim-
its the depth of temporal analysis that can be done with these data
(although efforts are currently underway to backfill before 2024). In
some cases, we also face issues with paywalls or broken links, which
lead to gaps in our coverage.

Our data labeling and validation pipelines also have limitations.
First, we use proprietary models that may become unavailable in the
future, requiring us to switch to a different model, thus affecting the
consistency of our data. Although we used state-of-the-art models at
the time of writing, future models may be more capable on these
tasks and may require relabeling past data. Beyond GPT-40 and GPT-
40-mini, we did not compare other models such as Claude, Gemini,
or Grok, an exercise that could be helpful in understanding how
models from different families and of different sizes analyze news
articles’ political lean and tone. Our approach also used zero-shot
prompts throughout the pipeline and did not attempt to fine-tune
any models. We also note that the level of agreement varies consid-
erably between labeling tasks. As shown in Fig. 5, some tasks, such
as article type, sentence tone, and sentence focus, show systemati-
cally less agreement than others. Fortunately, the model-annotator
and interannotator agreement are statistically indistinguishable in
all cases, suggesting that these differences are inherent to the tasks
themselves and not a deficiency of the model. Moreover, when ag-
gregated across hundreds or thousands of articles, these random
misclassifications are less likely to have an impact and hence the
overall patterns remain reliable even for “difficult” tasks.

A final limitation is one that we have already mentioned: that in
the absence of clear, objective ground truth, bias is inherently diffi-
cult to measure. Some experts have concluded that the difficulty is
so great as to render the detection of content that is misleading on
account of bias rather than verifiable falsehoods unsuitable for sci-
entific inquiry (79). Although we are sympathetic to this critique, we
remain optimistic that something useful can be accomplished despite
these challenges. Specifically, our approach of measuring “elemental”
quantities such as topic, tone, lean, and focus is explicitly designed
to avoid making judgments about the “true” or desired state of the
world, and hence to result in more robust labels. For example, it is
possible for raters with different biases to agree that an article is about
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the economy, has a positive tone, talks more about Democrats than
Republicans, and hence is overall favorable to Democrats while main-
taining very different views about its accuracy, informativeness, and
even whether it should have been published at all.

As previously noted, a downside of this design principle is that
we are unable to make direct assessments of article or even publisher
bias, a limitation that media critics and political partisans alike may
find frustrating. We maintain, however, that any attempt to impose
a single notion of truth or objectivity against which bias can be mea-
sured will itself inevitably be biased, undermining the integrity of
the project. Moreover, by measuring many of these elemental quan-
tities both at the sentence and article level, and by allowing analysts
the flexibility to aggregate them to yet higher levels (e.g., publisher,
groups of publishers, the entire collection, etc.), we believe our ap-
proach does generate valuable insights about media bias, albeit indi-
rectly. For example, our demonstration that news publishers devote
markedly more coverage to horse race stories than to policy issues
does not settle the question of how much coverage ought to have
been devoted to each, but it does call into question public declara-
tions by news organizations that their goal is to inform citizens about
the most important issues in an upcoming election (9). Likewise, our
demonstration that the political lean of headlines is systematically
different from the text of the corresponding stories does not settle
which one, if either, is correct, but the difference does show that
writers of articles and headlines alike exploit their flexibility to cast
the same story in different lights. Last, our demonstration that arti-
cle lean is negatively correlated with partisan focus does not deter-
mine which of our publishers is more or less biased than the others,
but it does identify a possible mechanism (attacking the opposition
rather than supporting one’s own side) by which all publishers ex-
press their bias.

In summary, by integrating systematic data collection, LLM-driven
analysis, and human-in-the-loop validation, we have laid a scalable
foundation for advancing research on media bias. Although no sin-
gle study can fully encapsulate the complexities of media influence,
and no single dataset can comprehensively define media bias, we be-
lieve this work represents a substantial step forward. By continually
refining our methodology and expanding our dataset to encompass
past and future time periods, we aim to enhance both academic un-
derstanding and public awareness of media bias dynamics through
an empirical, data-driven approach.
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