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Abstract

People are increasingly avoiding the news in a phenomenon
termed news avoidance. Prior work has found that many peo-
ple are not following political news, with the median American
consuming zero articles per year from traditional news outlets.
This behavior has troubling implications, as a well-informed
public is typically considered essential to a functioning democ-
racy. However, it is possible that people are accidentally pick-
ing up political information through entertainment or “soft
news” outlets. The subject of this paper is People Magazine,
a soft news outlet selected for its popularity (with an average
of 187.1 million monthly visits). To understand how political
news is covered by entertainment and soft news outlets, we
make the following contributions: (1) We propose two poten-
tial and complementary frameworks for differentiating hard
news content from soft news content; (2) We collect a large
dataset of articles published on People Magazine’s website;
(3) We apply our frameworks to this dataset and contribute an
analysis of the political content offered by a soft news outlet;
(4) We evaluate our framework on two additional platforms.
Together, these contributions additively result in the first explo-
ration of the political content of individual news stories - all
prior work has labeled entire outlets as hard or soft. As people
increasingly avoid outlets with hard news, our work shows
that they may still encounter political information through
soft news outlets, a finding that has critical implications for
political communication.

Introduction

A well-educated electorate is generally considered to be nor-
matively good for democracy (Prior 2003; Kuklinski et al.
2000). Ostensibly, as modern technology — and an increase
in news outlets — makes information more accessible than at
any time in the past, the public could become increasingly
better informed about politics. Yet, rather than leading to
more political knowledge, a growth of outlets and greater
accessibility to information has instead correlated with the
public increasingly turning away from ‘“hard news” about
politics (Prior 2003; Wojcieszak et al. 2024; Baum 2003). In
turn, for many people exposure to political content is coming
not from “hard” news outlets — places whose sole purpose is
to cover political news — but “soft news” and entertainment
outlets (Wojcieszak et al. 2024).
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Soft news typically refers to coverage and news stories that
are, potentially, more entertaining — but, in contrast to hard
news, are less focused on important, timely events (Boukes
and Boomgaarden 2015). The implications of this growing
consumption of soft news sources — relative to hard news
sources — are still unknown. While it may be that soft news
sources can increase general political knowledge, there is
limited evidence about its broader effects (Prior 2003; Boukes
and Boomgaarden 2015). In contrast, hard news sources are
understood to be essential for a well-informed electorate
(Reinemann et al. 2012; Patterson 2000; Shoemaker and
Cohen 2012). A key challenge, however, is understanding
how (and whether) soft news outlets cover consequential
current events (Boukes and Boomgaarden 2015).

The media generally plays an influential role in shaping
how the public understands events — and even which events
are elevated to the status of “consequential”, “important” or
“historic”. In covering events which are regular occurrences
(like elections) or events which are entirely unexpected (like
the Covid-19 pandemic or the January 6th, 2021 attack on the
U.S. Capitol), the media have power to set the public agenda
by determining how much attention to devote to a given event
and how long to maintain event coverage (McCombs 2005;
Boydstun, Hardy, and Walgrave 2014). Given the media’s
disproportionate power to elevate, shape narratives and direct
public attention to events, researchers have often turned their
attention to patterns in the amount (and content) of media
coverage awarded to various events (Boydstun 2013; Cost-
ley White et al. 2024). Events which are accompanied with
an increase in coverage have been termed “media waves” and
“media storms” by those who study them (Boydstun, Hardy,
and Walgrave 2014).

Although these types of waves and storms, in theory, tran-
scend outlets and can engulf media as a whole, this type of
research has often focused on mainstream and “legacy” news
media — outlets like network television channels (e.g. ABC),
cable news (e.g. CNN) and large newspapers (e.g. The New
York Times, LA Times) (Zulli, Coe, and Isaacs 2023; Boyd-
stun 2013; Boydstun, Hardy, and Walgrave 2014; Hart, Chinn,
and Soroka 2020). In turn, scholars suggest that the decisions
made by editors and journalists at these legacy outlets carry
implications for the way ordinary people understand political
events. For example, media coverage of the events of Jan-
uary 6 shaped how people view American democracy more



Concept Question ID | Questions

RECENT Q1 Does the article mention something that suggests that it
was written about a recent event?

MENTIONSPFIGURE Q2 Does this article mention political figure(s)?

MENTIONSCELEB Q3 Does this article mention celebrity(s)?

CENTRALPFIGURE Q4 Are political figure(s) the central subject of the article?

CENTRALCELEB Q5 Are celebrity(s) the central subject of the article?

CENTRALPEVENT Q6 Is this an article that mainly focuses on a political
event(s)?

CELEBIMPLICATIONS Q7 Does this article explicitly discuss how a political figure,
event, or trend affects ordinary people?

PIMPLICATIONS Q8 Does this article explicitly discuss how a political figure,
event, or trend affects politician(s) or political party(s)?

PISSUE Q9 Does the article discuss political issues? (e.g., Economic
Issues, Immigration, Abortion, Crime, Health, etc.)

Table 1: Characteristics of article content assessed in our annotation study.

broadly (Kreiss 2024).

This focus on “legacy” or mainstream media — outlets
which “reach sizeable national audiences online” (Zulli, Coe,
and Isaacs 2023) — is an important approach to considering
the way media cover, frame and produce narratives. At the
same time, a focus on these outlets leaves an important omis-
sion: many people do not follow these outlets. As Wojcieszak
et al. (2023) find, “news content is nearly unnoticeable in the
context of overall information and communication ecology
of most individuals”. Rather, many individuals are receiving
news through outlets whose main mission is not the transmis-
sion of political news (Kim 2024).

Related Work

Researchers across disciplines have long posed questions
about the role of soft news outlets — and often People Maga-
zine (People) in particular — in informing people about poli-
tics (Maddox and Robins 1981; Niven and Zilber 1998; Prior
2003; Baum 2003; Baum and Jamison 2006). Beginning with
work focusing on the way soft news addresses politics and
political figures (e.g. Diamond 1978; Maddox and Robins
1981) and shifting to the strategic use of soft news by po-
litical candidates (e.g. Niven and Zilber 1998; Brewer and
Cao 2006) researchers have grappled with the intersection
of entertainment and news that often forms soft news outlets
(Baum 2003; Boukes and Boomgaarden 2015; Serazio 2018).

This research, however, has led to conflicting findings
about the ability of soft news outlets to inform the public
(Prior 2003; Brewer and Cao 2006; Baum 2003). It is possi-
ble that outlets which primarily focus on soft news can offer
people useful information about politics (e.g. Baum 2003),
but it is also possible that soft news offers [ittle by way of
political information (e.g. Otto, Glogger, and Boukes 2017).
The difference in viewpoints about whether soft news out-
lets provide political information may be driven by research
approaches. Work on soft news, for example, has at times
depended on surveys asking people whether they watch or
read soft news outlets; this research cannot track the type of
content people encounter through these outlets. Other work
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has categorized soft news at the outlet level — rather than at
the news story level (as more recent theories of soft news
suggest might be important (e.g., Otto, Glogger, and Boukes
2017)); this again means that we are working off of assump-
tions about the content of soft news outlets. As a result, this
work leaves a number of open questions fundamental to un-
derstanding the power of soft news to inform the public. Can
outlets which are, primarily, soft news outlets ever provide
people with hard news about politics? We answer this ques-
tion by addressing central gaps in the existing literature:

* Classifying content on the article level - While previous
research has underscored the importance of distinguish-
ing between exposure to hard and soft news (Prior 2003;
Baum 2003; Baum and Jamison 2006; Boukes and Boom-
gaarden 2015), these earlier studies classified news at the
outlet level, without addressing soft news at the level of an
individual article. Our work contributes to this literature
by taking a data-driven approach to classify content at an
article level.

* Analyzing soft coverage of political events - While re-
search in communication argues that “media waves” are
important in generating coverage of political news, and
ultimately, shaping how people interpret political events
(Boydstun, Hardy, and Walgrave 2014), there is compara-
tively little investigation into what soft news outlets bring
to these media waves. Such an analysis, however, would
be difficult without a computational approach which is
able to differentiate hard and soft news content across
outlets. Our approach makes such an analysis possible.

* Considering soft news in the computational social sci-
ences - We bring questions around soft news content to
the CSS community. Existing work has used digital trace
data to understand the types of news that people consume
(Houidi et al. 2019), how sharing behavior differs from
viewing behavior (Trilling et al. 2022), and the political
implications of how news is consumed and spread online
(Eady et al. 2020; Kiimpel, Karnowski, and Keyling 2015).
Other work using large datasets of online news consump-
tion has revealed that digital outlets cover celebrities more



frequently than print media (Burggraaff and Trilling 2020).
We are the first to raise and answer questions around po-
litical information on soft outlets through a data-driven
approach to classify content on an article-level at scale,
contributing to this larger body of work and to the inter-
disciplinary study of political information environments
(Theocharis and Jungherr 2021; Hemphill and Schopke-
Gonzalez 2020).

Our approach builds on methods across disciplines which
begin with large corpora of text. In this way, for example, our
work shares similar “components” to the digital humanities
— like the use of text and “datafication” of text (e.g. Drucker
2021, p. 2-3). While the digital humanities focus on “human-
ities materials” and bring together “computational methods
and humanistic research” (Drucker 2021, p. 7), our focus is
on articles produced by news outlets. Our contributions are
within political communication research and computational
social science. That is, we employ computational methods
to answer critical questions about how people gain political
information through soft news outlets.

Our Contributions

‘We make five contributions in this work:

* We create a novel conceptualization and operationaliza-
tion of what constitutes political hard news.

* We apply a machine learning framework for classifying
news content as hard or soft according to both a classic,
and our novel definition.

* We collect a large-scale dataset of political coverage on
People.

* We use this dataset to answer novel research questions,
e.g. how does People cover political events.

* We expand our analysis to two other outlets besides Peo-
ple, one which is considered a soft news outlet (New York
Daily News) and one which is considered a hard news
outlet (The New York Times).

These contributions allow us to answer critical open ques-
tions in the existing literature:

* To what extent does People offer hard news content in
general?

* Does People cover political events and does this coverage
contain hard news?

* How does People cover political events through soft news?

¢ Do other soft news outlets cover hard news as well?

Classifying News Content

Our goal is to classify news articles as being either “hard
news” or “soft news”. Generally, hard news refers to articles
that center around political figures or events. In contrast, soft
news may focus on a celebrity, an entertainment event or
human interest features.
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Defining Hard News

Previous research on hard news has often been limited by
two main issues: (1) the scope of the definition and (2) the
operationalization of the concept. Different researchers have,
for example, suggested different components of the defini-
tion (Reinemann et al. 2012). Synthesizing these different
components, Reinemann et al. (2012) suggests three ideas
that differentiate hard news from soft news in the context of
politics. First, hard news focuses on recent developments and
has a time-limited nature; it has ’to be reported right away”
(Shoemaker and Cohen 2006). Second, hard news is more
likely to focus on political events. Finally, hard news focuses
on the behavior of political actors related to those events.
By this definition, for example, an article highlighting how
a couple of ordinary people or entertainment celebrities are
feeling about an upcoming election would not be considered
hard news. On the other hand, an article tracking the latest
electoral polls and which candidate is winning or losing an
election could be considered a hard news article.

The example of an article covering polling (often termed
the “game frame” approach to elections) highlights another
scope challenge to the definition of hard news. Scholars, for
example, have long argued that the public most benefits from
news coverage that addresses political issues and the broader
implications of political events — rather than polling or elec-
toral strategy (Lawrence 2000). While an assumption is that
hard news will be superior in preparing people to participate
in politics, the definition of hard news does not address these
more fine-grained ideas of content and substance (Lawrence
2000).

Aside from issues with the definition, a second challenge
has been the operationalization of hard news as a measure.
Researchers who have tracked political hard news have often
conducted measurements at the level of the outlet — classi-
fying an outlet as entirely hard news or entirely soft news —
rather than measuring content by news story (Baum 2003;
Prior 2003). This is an important omission, as outlets of-
ten vary in the content they offer. The closest work, to date,
took a more fine-grained approach that considered hard vs.
soft news at the level of a program, yet they still did not con-
sider the specific program content (Boukes and Boomgaarden
2015).

Our approach overcomes both challenges. Addressing the
definitional challenge, we propose two distinct definitions of
hard news. The first, which we term the classic definition,
addresses the three overarching components of hard news
found in the literature (Reinemann et al. 2012): (1) recency,
(2) focus on political events and (3) behavior of political
actors related to those events.

The second, which we term the novel definition, addresses
the three components along with the more fine-grained con-
tent that scholarship suggests is most beneficial (Lawrence
2000): the inclusion of issues in the news and the discussion
of broader implications. Through these definitions, we also
address the second challenge by classifying news at story
level, rather than at outlet or program level.

Let a; be an article and y{ be a binary variable which is 1
if a; is a hard news article according to the classic definition
and let y* be a binary variable which is 1 if a; is a hard news



article according to the novel definition. We define y© and y”
below (dropping index ¢ for simplicity).

In the first definition (classic) y©, we are interested in
whether an article is discussing something which happened
recently and focuses on a political figure or a political event.
These points address the three over-arching characteristics of
hard news in existing scholarship (Reinemann et al. 2012).

This definition requires the introduction of several logi-
cal predicates. First, we introduce the variable RECENT(a),
which is True if article a discusses a recent event. Next, we
introduce the variable CENTRALPFIGURE(a), which is True
if article a discusses a political figure as a central subject of
the article. For example, an article about Mick Jagger which
mentions all of the political figures whom the artist has met
would not qualify as true, as Mick Jagger is the central sub-
ject of the article and not a political figure. Likewise, we
introduce the variable CENTRALPEVENT(a), which equals
True if article a discusses a political event as a central event
of the article.

1, if RECENT(a)A
(CENTRALPFIGURE(a) V CENTRALPEVENT(a)).

0, Otherwise.
(L

In the second definition (novel) y", we are also interested
in articles which are published in a timely fashion and con-
cerns politicians or political events. Here, however, we extend
the previous definition to specify articles which discuss one
of the following: how recent events connect to broader po-
litical issues, an explicitly political event experienced by a
political figure, or political implications for political actors.
The first extra condition allows us to discard articles that may
discuss recent events on a politically superficial level. This
may include traditional “game frame” articles which only re-
port polling numbers, for example. The next condition allows
us to discard articles that may mention political figures in
non-political situations (e.g., President Obama on a golfing
trip). The final condition allows us to differentiate between
articles which mention political actors in non-political situa-
tions (e.g., President Trump on a golfing trip) and those that
mention political actors in non-political situations but which
still mention political implications (like President Obama on
a golfing trip with political implications for foreign relations).

The goal of the novel definition is to consider a more fine-
grained approach in order to speak to research about news
content which, scholars suggest, is most beneficial to political
knowledge in a democracy (Lawrence 2000). In other words,
while the definition of hard news can include a variety of
political information, we consider the idea that some hard
news may be especially beneficial for people’s ability to
understand political events and their implications.

Here, we introduce the variable PISSUES(a), which is
True if article a discusses any of the following political is-
sues (Economic issues, Democracy and representation, So-
cial issues and discrimination, Corporate regulation, Crime,
Defense and foreign policy, Education, Environment, Gun
control, Health, Immigration, Abortion and birth control,
Social safety net, Other). Next, we introduce the variable
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PIMPLICATIONS (a), which is true if an article discusses the
implications of an event for society in general (such as the
implications of a politician’s endorsement of abortion on the
conversation about access to birth control), or the implica-
tions for a political party (such as how a court ruling might
shift voter support in upcoming elections).

1, if RECENT(a)A
(CENTRALPEVENT(a) A PISSUES(a))V
Yy = (CENTRALPFIGURE(a) A CENTRALPEVENT(a))V
(CENTRALPFIGURE(a) A PIMPLICATIONS(a)).
0, Otherwise.

@

Problem Definition

Let a be a text-based article. In the classic definition, a can
be described as classic hard news (y©) if it is recent and
centers on a political figure. In the novel definition, a can
be described as novel hard news (y™) if it is recent, centers
on a political figure, and discusses either political issues or
the implications of an event or issue for either politicians or
society at large.

Consider a dataset D = {(z1,y1),.--, (zn,yn)}- In this
dataset, each y; is represented by the binary label y{ in the
classic setting and by the binary label y;* in the novel setting.
Each x; belongs to a multimodal feature space X', which
is determined by the available data. In this paper, we work
exclusively with news articles in text form. Our objective is
twofold: in the classic setting, we aim to learn a function
f: & = y¢ in the novel setting, we seek to learn a function
f:X =y

Our Approach

We propose a supervised learning framework to classify news
articles as classic or novel hard news. This framework re-
quires labeled data for both the classic and novel definitions.
Thus, our approach consists of the following steps: (1) We
collect a large dataset of news articles; (2) We design an anno-
tation task to label these articles according to our definitions
of hard news; (3) We compare different machine learning
models and choose an appropriate method to label all articles
in our dataset.

In the annotation task, we ask annotators to describe ar-
ticles in terms of a variety of concepts. We then use those
concepts to assign an article a label. These labels are then
used to train a classification model. This approach allows us
to effectively combine information into a single composite
measure of hard news and allows us to exploit existing large
pre-trained Transformer-based language models, which are
effective at classification tasks with text data inputs.

Annotation Design

We employed a wisdom-of-the-crowds framework (Simoiu
et al. 2019) to generate annotations of articles published on
People. This involved creating two resources: (1) A TRAIN-
ING CURRICULUM and (2) An ANNOTATION INTERFACE.
We developed these resources iteratively. In particular, we re-
fined the training curriculum until we obtained a sufficiently



large number of annotators who achieved sufficient perfor-
mance on the training task (as described below).

Our TRAINING CURRICULUM consists of the following
components: (1) instructions, (2) examples with feedback, (3)
an attention check, and (4) an assessment. First, participants
are shown instructions detailing each of the concepts which
contribute to the operationalizations of hard and soft news
(see Table 1). Next, for each of these concepts, participants
are asked to answer questions about example articles. They
are then given feedback on their answers. Then, before being
directed to a final training quiz, each participant must pass
an attention check. Finally, participants take an assessment
where they are required to score greater than 80% to pass.

Our ANNOTATION INTERFACE consists of a set of ques-
tions for 10 articles, and an attention check. Participants begin
by consenting to engage in the annotation task. Next, they
are asked to provide their annotator ID. This ID triggers a
request to a database which returns 10 articles for them to
annotate. Participants are asked to answer up to 9 questions
for each article. Halfway through these questions, they are
asked to pass an attention check.

We asked 9 questions for each article to assess the ex-
istence and intensity of political information in the article.
These questions are described in Table 1. Together, these
questions provide labels for the concepts needed for both the
classic and novel definitions of hard news.

Empirical Evaluation

Our empirical analysis consists of several components. We
begin by introducing our dataset of articles from People and
other comparative outlets. Then, we describe our process for
collecting annotations and investigating the quality of the
annotations through multiple validation methods. Next, we
discuss our machine learning framework for classifying hard
news according to both classic and novel definitions, and
present the quantitative results of this classification. Finally,
we end with a qualitative analysis of the articles we’ve clas-
sified as being hard news, as well as those classified as soft
news, to better understand the different ways political con-
tent is presented across these categories. We further validate
our approach by extending our analysis to additional news
outlets (The New York Times and New York Daily News) to
demonstrate the generalizability of our framework.

Dataset

We originally collected approximately 8.4 million articles
published between October 2016 and November 2023 in Peo-
ple through web scraping. Out of these 8.4 million articles,
there were 275,000 unique articles, which we refer to as
ALLPEOPLE. The data collection process was conducted dur-
ing January 2024, utilizing three laptops running the scraper
continuously for one month. All articles in People that ap-
peared on its search page were scraped, rather than a random
sample. The scraper was programmed to access the Internet
Archive’s captures of People’s website and retrieve the first
available snapshot from each day in the specified time period.

To focus on politically relevant content, we applied
keyword filtering, yielding approximately 25,000 articles
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(POLITICALKEYWORDS). The keywords used are: Supreme
Court, Politics, Election, President, Democrat, Republican,
Obama, Clinton, Romney, Trump, Biden, and Congress.

Our analysis also incorporates additional datasets that are
subsets of POLITICALKEYWORDS. Detailed descriptions of
these datasets can be found in Table 2.

Our analysis centers on what readers might encounter
when they see political content in a source largely focused
on entertainment and human interest. Indeed, People — and
other entertainment-focused outlets — may be a place which
people follow and visit to avoid political spaces (e.g Prior
2007; Wojcieszak et al. 2024). As a result, exposure through
this outlet may be highly important as it may be the only
exposure to political news for some.

This approach allows us to assess the quantity and quality
of political information available in this particular soft news
context, where readers may be unintentionally engaging with
political content.

Annotating the Data

We counducted our annotation study through Prolific with 22
annotators. A total of 1,026 articles were randomly sampled
from POLITICALKEYWORDS, the filtered set of 25,000 arti-
cles, and then annotated. This annotated dataset of articles is
denoted as ANNOTATEDPOLITICALKEYWORDS. Each arti-
cle receives an odd number of annotations, with a minimum
of 3. We conducted this process in five waves from May to
August 2024.

We curated a gold dataset of articles that were annotated
by a domain expert on the team (GOLDDATASETPOLITICAL-
KEYWORDS). Treating this gold dataset as the ground truth,
we computed the Macro F1 score between the aggregated
label from the annotations and the expert-labeled gold set.
This metric is shown in Table 3. We utilize three label ag-
gregation methods: majority vote, Dawid-Skene (Passonneau
and Carpenter 2014), and MACE (Hovy et al. 2013).

We see that the novel definition of hard news is a more
difficult annotation task. For example, one concept employed
in this definition is whether an article is discussing implica-
tions for a politician or society at large. This task is more
subjective than the others in the annotation design, and so we
are not surprised that it proves to be more difficult.

Overall, we find that MACE label aggregation performs the
best, achieving a F1-score of 0.715 for the classic definition
and 0.640 for the novel definition. Therefore, we use the
labels from MACE for the remainder of the paper. We also
include an analysis with Majority Vote in the Appendix (see
Results for Majority Vote Label Aggregation).

Data From Other Outlets We also assessed whether our
models, trained solely on People, can generalize to unseen
articles from other outlets. We selected The New York Times
(NYT) and the New York Daily News (DailyNews) for this
purpose, as the The New York Times is widely known as a hard
news outlet. The Daily News is another legacy publication
known for being a softer outlet (Pressman 2021) and will be
used to assess the generalizability of our models to other soft
news outlets besides People. Detailed descriptions of datasets
based on NYT and the DailyNews can be found in Table 2.



Name Description Time Frame # Articles Filters Figures/Tables
ALLPEOPLE All articles in People during time frame. Oct 2016 — Nov 2023 275,000 None None
POLITICAL- All articles which may discuss politics or political Oct 2016 — Nov 2023 25,000 The article body must contain a key- Figure 1
KEYWORDS events. word in PoliticalKeywords.'
ANNOTATED- Random sample of 1026 articles from POLITICAL- Oct 2016 — Nov 2023 1026 Random sampling of 1026 articles Table 4
POLITICAL- KEYWORDS that were annotated to train and evaluate from POLITICALKEYWORDS.
KEYWORDS models as part of the classification experiments.
GOLDDATASET- A gold dataset that consists of a random sample of Oct 2016 — Nov 2023 41 Random sampling of 41 articles Table 3
POLITICAL- 41 articles from ANNOTATEDPOLITICALKEYWORDS. from ANNOTATEDPOLITICAL-
KEYWORDS These articles were further annotated by our domain KEYWORDS.
expert to evaluate the quality of labels procured by the
annotators and label aggregation methods.
POLITICAL- All articles published around the period of a certain The two weeks following the 621 Must be published in a time frame Figure 2
EVENTS political event. For example, one event we study is the event.” surrounding a political event and the
January 6™ insurrection. article body must contain a keyword
in one of the sets of keywords in
PoliticalEventsKeywords.}
NYT-7-19 Articles in NYT during time frame. July 21 — July 28, 2019 1228 News articles only (excludes opin- None
ions, obituaries, newsletters). Text
needs to have at least 100 words.
DailyNews-7-19  Articles in DailyNews during time frame. July 21 —July 28, 2019 124 Any article None
NYT-20 Articles in NYT during time frame that include the Nov 3 —Nov 17, 2020 662 The article body must contain ‘elec- None
keyword “election”. tion” keyword; news articles only (ex-
cludes opinions, obituaries, newslet-
ters). Text needs to have at least 100
words.
DailyNews-20 Articles in DailyNews during time frame that include Nov 03 — Nov 17, 2020 99 The article body must contain ‘elec- None
the keyword “election”. tion’ keyword.
ANNOTATED- Random sample of 41 articles that includes the keyword Oct 20 — Nov 17, 2020 41 Random Sampling of 41 articles. Table 5
NYT “election” from NY7-20 that were annotated by our do-
main expert to evaluate the generalizability of the classi-
fiers trained on ANNOTATEDPOLITICALKEYWORDS.*
ANNOTATED- Random sample of 41 articles that includes the key- Oct 20 — Nov 17, 2020 41 Random Sampling of 41 articles. Table 5
NYDAILY word “election” from DailyNews-20 that were anno-

tated by our domain expert to evaluate the general-
izability of the classifiers trained on ANNOTATED-
POLITICALKEYWORDS.*

! PoliticalKeywords = { Supreme Court, Politics, Election, President, Democrat, Republican, Obama, Clinton, Romney, Trump, Biden, Congress }

2 For example, the timeframe for the January 6™ insurrection would be January 6, 2021 to January 20, 2021.

3 PoliticalEventKeywords = { “Trump Impeachment Vote”: [impeachment, impeach, inquiry], “Biden becomes Presumptive Democratic
Nominee”: [biden, democratic, nominee], “George Floyd Murder and Protests”: [Black Lives Matter, George Floyd, protest, BLM, police,
violence, george, floyd], “Election Day”: [election, turnout, poll, election day], “Capitol Insurrection”: [Capitol, insurrection, protest, jan 6th,
6th, storm, stolen, Violence]}

4 Note that for validation, articles were sampled using the same filters as NY7-20 and DailyNews-20, but with an expanded time frame covering 2
weeks prior, in addition to the 2 weeks following Election day.

Table 2: Overview of datasets used in analysis. Datasets include: complete article collection (Oct 2016-Nov 2023); political
keyword-filtered articles containing keywords related to elections, parties, and political figures; event-specific articles spanning
two weeks before/after major political events; and comparative data from NYT and DailyNews. Full description of datasets,
political keywords, and event-specific criteria available in the Appendix (see Overview of the Datasets Used in Our Analysis).
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Dataset Annotation Method Classic Novel
F1 Precision Recall F1 Precision Recall
Majority Vote 0.663 0.661 0.673  0.468 0.450 0.486
People  Dawid-Skene 0.670 0.702 0.690 0.610 0.631 0.598
MACE 0.715 0.711 0.728  0.640 0.712 0.611

Table 3: Comparison of Annotation Methods against the Gold
Dataset for People (N=41). Labels compared to the gold
dataset were aggregated from multiple annotators per article.
This figure is generated with GOLDDATASETPOLITICAL-
KEYWORDS.

Classifying Hard News

To analyze how an outlet, such as People, discusses the news,
we must first be able to distinguish between hard and soft
news at scale. Towards this end, we develop a suite of classi-
fication models and evaluate them with respect to their ability
to classify news content.

Classification Models We used Logistic regression with
TF-IDF embeddings as the baseline model. Next, our pro-
posed method uses Transformer-based classifiers (Vaswani
2017), such as RoBERTa (Liu 2019), DeBERTa (He et al.
2020), and DistilBERT (Sanh et al. 2019). An MLP classifica-
tion head with one hidden layer, ReLU, and dropout was used
for the Transformer-based models. ANNOTATEDPOLITICAL-
KEYWORDS, consisting of 1026 annotated articles, was split
into 6 folds, with the 6th fold held out as the test set. The
remaining 5 folds formed a stratified 5-fold cross-validation
to perform hyperparameter tuning. The experiments were run
across 3 random seeds (1, 2, and 3). Further details can be
found in the Appendix (see Implementation Details).

Quantitative Results Table 4 presents the results of the
classification experiments for various models using the
POLITICALKEYWORDS dataset. The F1, precision, and re-
call scores are all evaluated on the test set with the best model
as determined by the best validation F1 score. For both clas-
sic and novel hard news, the BERT* models had the best
F1 scores. DistilBERT had the highest F1 score for classic
hard news at 0.802 (with a corresponding macro precision of
0.802 and recall of 0.810). For novel hard news, DistilBERT
and DeBERTa tied for the highest F1 score at 0.695, with
DistilBERT having precision of 0.692 and recall of 0.704,
while DeBERTa had precision of 0.705 and recall of 0.700.

We observe a substantial gap in performance between lo-
gistic regression with TF-IDF and the BERT* models. This
disparity likely stems from the fact that determining hard
news requires a contextual understanding of how words inter-
act to generate meaning - a nuance that cannot be captured
simply by considering just the individual words themselves
(an additive model). Indeed, hard news as a construct is often
tacitly understood by most, making it a challenge to define
explicitly. We see that all of the BERT* are able to reliably
predict whether an article can be considered hard news ac-
cording to the classic definition. Similarly, although the novel
definition proves to be more difficult, the F1-score is reason-
ably high for the BERT* models.

As an extra validation of our predictive models, we as-
sessed whether the formality of an article varies with respect
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Figure 1: Each circle shows the fraction of articles clas-
sified as classic or novel hard news (labels were derived
from MACE) over a four week time period. The circle corre-
sponding to January 2021 has 633 articles. On average, there
were 237 articles per month. This figure is generated with
POLITICALKEYWORDS.

to hard news categorization. While the formality of a given
text is not necessarily tied to its content, we do expect that
the average formality of hard news articles would be greater
than that of soft news articles. To test this hypothesis, we
derived the formality score of each article using a ROBERTa-
based classifier! that was fine-tuned on GYAFC (Rao and
Tetreault 2018) and the Online Formality Corpus (Pavlick
and Tetreault 2016). We found that novel hard news had an
average formality score of 0.803 (95% CI: [0.799, 0.806])
and classic hard news had an average formality score of 0.757
(95% CT: [0.754, 0.759]). In comparison, soft news had an
average formality score of 0.688 (95% CI: [0.686, 0.690]).
Next, we inspect the articles classified as hard and soft news
to understand how readers would learn about political events
through their encounters with People.

Qualitative Results

We began this work with the research questions described
above, briefly summarized as: (1) To what extent does Peo-
ple offer hard news content?, (2) Does People cover politi-
cal events?, and (3) How does People cover political events
through soft news? To investigate these questions, we classify
all 25,000 articles in our dataset according to whether they
can be considered as either classic or novel hard news.
Overall, we found that 42% of articles are classic hard
news and 12% of the articles are novel hard news. In Fig-
ure 1, we show how these percentages vary over time. Thus,
with respect to our first research question, we see that yes,
People does offer hard news content. Moreover, our analy-
sis shows that the amount of hard news reporting changed
significantly during the 2020 U.S. presidential election. In-
terestingly, while we might expect this increase in hard news
to return to normal after the election, it remained at higher
levels compared to what we saw before the election period.

"https://huggingface.co/s-nlp/roberta-base-formality-ranker



Classic Novel
Model F1 Precision Recall F1 Precision Recall
LOgiStiC Regression 0.7410_000 0.7410_000 0.7420_000 0.6370_000 0.64]0_000 0.6340,000
DistilBERT 0.8020 001  0.802) 002 0.8100.004 0.6950011 0.6920.016 0.704¢.012
RoBERTa 0-7590006 0.7600‘005 0.7620.007 0.6810‘018 0.675()‘007 0'7050.036
DeBERTa 0.7760_006 0.7760_006 0.7820_008 0.6950_018 0-7050.026 0.7000,039

Table 4: Comparison of Model Performance for Classic and Novel Hard News (labels were derived from MACE). Subscripts
denote standard deviation across 3 seeds (1, 2, and 3). Best results for each column are bolded. This figure generated with
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Figure 2: Distribution of articles for 2 weeks following key events. Labels were derived from MACE. Bars show total articles
(all articles published on the day of, and the two weeks following the event), articles containing event-specific keywords, and
keyword articles classified as classic or novel hard news. Number inside each bar denotes the number of articles. For comparison,
we observe 12% of all articles in the corpus (POLITICALKEYWORDS) to be novel hard news and 42% to be classic hard news.

This figure is generated with POLITICALEVENTS.

This sustained change suggests that People may have funda-
mentally altered their approach to news coverage, rather than
simply responding temporarily to election-related events.

Next, towards the second research question, we investigate
political events. Here, we are interested in the following
events: the impeachment vote of former President Trump
on December 18th, 2019; the presumptive nomination of
President Biden on April 18th, 2020; the murder of George
Floyd on May 25th, 2020; the election of President Biden on
November 3, 2020; and the insurrection at the US Capitol
on January 6th, 2021. We focus on these dates as previous
research has identified these particular points as especially
consequential political events (Druckman et al. 2024). As a
result, tracking the news which people may have encountered
about these events suggests important implications about the
information environment.

For each of these events, we form a dataset of all arti-
cles published on the day of, and the two weeks following
the event. We calculate the percentage of articles containing
event-related keywords, followed by estimating the percent-
age that qualify as hard news under each definition. These
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results are presented in Figure 2. Our analysis reveals two
key findings regarding political event coverage. First, within
two weeks following major political events, a substantial
portion of published political news focuses on these events.
Second, among articles covering these events, the majority
were classified as classic hard news, with a smaller but sig-
nificant portion classified as novel hard news. For example,
of the 218 articles published about Election Day within the
subsequent two-week period, 154 (70.6%) met classic hard
news criteria, while 126 (57.8%) qualified as novel hard news.
These proportions significantly exceed the general novel hard
news rate (12%) found in People’s political coverage, chal-
lenging the common perception of People as primarily a soft
news outlet.

Soft coverage of political events We see that People pro-
vided both hard and soft news coverage of each event. This
spurs the third question, how is this coverage different? How
would People cover an event like the murder of George Floyd
in a non-politically substantive way?

We explore this question by analyzing those articles that
contain keywords relevant to political events published within



Celebrities and political events - 33.15 %

Potential hard news -
but doesn’t meet our definition - 18.78 %

Celebrities - 14.92 %

Entertainment frame on a
political event or politician -13.26 %

Human interest frame on
a political event - 9.94 %

Other - 4.42 %
Outright errors -

meets our definition but the model is wrong - 3.31 %

Entertainment promotion - 2.21 %

Figure 3: Categorization of articles from POLITICALKEYWORDS that were classified as soft news (N=182). Celebrity reactions
and participation (33%) represent the largest category, followed by potential hard news not meeting definition criteria (19%).

a 2-week period, but which are classified as soft news. Here,
soft news refers to articles that our classifier predicts do
not meet the criteria for either classic or novel hard news.
This forms a dataset of 182 articles. That is, 29% of articles
that reference the political events are classified as soft news.
Within this dataset, we manually categorize each article into
one of eight categories:

e Celebrities and political events: this category describes
articles that feature interviews with celebrities, discuss the
statements or posts celebrities have made about political
events, as well as articles about celebrities participating
in events (such as joining protests).

* Potential hard news - but doesn’t meet our definition: this
category describes articles which upon closer inspection
may be hard news, but which do not meet our politics-
focused definition. For example, this would describe an
article that is about police brutality in general, but does
not center on particular recent political events. It would
also describe an article about crime.

 Entertainment frame on a political event or politician:
this category describes content that is not hard news, but
which is still framed around political events. For example,
an article about how a TV show writer was fired due to
racist remarks following George Floyd’s murder would fit
this category.

 Celebrities: this category describes articles that center
on a celebrity and address politics only tangentially. For
example, a story about a celebrity taking part in a non-
political show that briefly mentions that the show was
taking place during a political event.

* Human interest frame on a political event: this category
describes articles that focus on a political event, but which
employ a general or human interest frame. For example,
an article about how airlines are responding to increased
aggression in the wake of the capitol insurrection would
fall under this category.

* Qutright errors - meets our definition but the model is
wrong: this category describes articles that should have
been classified as hard news but were not.

 Entertainment promotion: this category describes articles
which are about the promotion of a single instance of
entertainment, such as a book or TV show.
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* Other: this category describes all articles that can’t be
described by the other categories.

We see in Figure 6 that the largest category of articles
describe how celebrities respond to and participate in political
events. These articles demonstrate a unique way in which
People informs readers about current events. These articles
may serve to engage readers who avoid hard news around
current events through a softer celebrity-focused lens.

Another informative category is that of Potential hard news
- but doesn’t meet our definition. This category has clear im-
plications for future work. It contains articles that appear
qualitatively more similar to hard news than soft news but
which challenge our current definition. Typically, these arti-
cles are either not recent, or not focused on national political
actors. This suggests that in future work we may want to ex-
pand our definition to better encompass articles with different
time horizons and which centers on potentially politically-
relevent, if not political, figures.

The category of Entertainment frame on a political event
or politician is, to the best of our knowledge, a new way
of describing soft news content. An article in this category
may provide a list of movies to watch if one is interested in
learning more about social justice in the wake of the George
Floyd murder. This category demonstrates how outlets such
as People may capitalize on attention surrounding political
events to deliver content that leverages their specialized style.

Validation With Other Outlets

We analyze the content on different outlets as a means of
validating our method. Here, we consider two outlets during
two time periods. We consider the outlet DailyNews as a
similar soft news outlet to People. In contrast, the NYT is con-
sidered the most influential hard news outlet (Benoit, Stein,
and Hansen 2005). We consider two periods which are useful
for validation. The first period, July 21-28, 2019, allows us
to inspect content during a politically calm time. The second
period, November 3-17, 2020, allows us to inspect content
during a politically eventful time.

Here, we perform three tests. First, we evaluate the ability
to use our classifiers to inspect these outlets without col-
lecting platform-specific labeled data. Second, we analyze
content during the July 2019 period. Here, we test the hypoth-



esis that, by examining all platform content without keyword
filtering, we will see more hard news content on NYT. Third,
we analyze content during the 2020 election period. Given
that we saw 71% of the election related content on People
during this time period was classified as classic hard news,
we expect to see similar amounts on the other platforms. That
is, if our operationalization of hard news is relevant beyond
People, we should see hard news on DailyNews as well, espe-
cially around political events. We now evaluate these three
tests.

Validation 1: Method Generalization To assess our classi-
fiers’ generalizability beyond People, we evaluated their per-
formance on ANNOTATEDNYT and ANNOTATEDNYDAILY.
Both datasets comprise of 41 articles each, randomly sampled
using the same filter as NY7-20 and DailyNews-20 (see Table
2), except with an expanded time frame covering 2 weeks
prior, in addition to the 2 weeks after Election day. We fo-
cused specifically on articles pertaining to Election day as this
is of particular interest and importance when understanding
political news.

Table 5 presents the Macro F1, recall, and precision scores

comparing classifier predictions against expert-generated la-
bels. The models exhibited robust performance despite hav-
ing no prior exposure to content from these outlets during
training.
Validation 2: Prevalence of Hard News Across Content
During a Politically Calm Period We find that NY7-7-19
comprised 23% novel and 14% classic hard news, while
DailyNews-7-19 contained lower proportions at 16% novel
and 9% classic hard news. During the same time period, we
inspect a subset of ALLPEOPLE for the same week of the 21-
28 of July, 2019. For this week’s worth of data, we observe
that 3% of People’s content was classic hard news, and 0.3%
was novel hard news.

We further validated these results by inspecting the section
headings for hard and soft for NY7-7-19. Doing so we find
that articles classified as hard news typically appear in the
US, Foreign Desk, and National Desk sections, while articles
classified as soft news are much less concentrated, but tend
to appear in the Arts, Opinion, and Sports Desk sections.
Together, these result show that our method, although trained
on People, is making meaningful distinctions between hard
and soft content on other outlets.

Validation 3: Coverage During a Political Event Period
— 2020 Election The analysis revealed that NY7-20 com-
prised 70% classic and 59% novel hard news in 2020, while
DailyNews-20 contained higher proportions at 76% classic
and 64% novel hard news in 2020. During the same period,
the political content filtered to include the same “election”
keyword on People was 71% classic and 58% novel hard
news. We see that all outlets provide similar proportions of
hard news content in their election coverage. While it may
seem surprising that the NYT has a lower proportion of hard
news articles than DailyNews or People during the election,
we propose two explanations. One is that the NYT published
many more articles about the election (662 vs. 99 on Dai-
IyNews and 218 on People). Given the space for political
stories allocated by the NYT, they can publish a variety of
articles. For example, features which interview potential vot-
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Dataset Classic Novel

F1 Precision Recall F1 Precision Recall
NYT 0.559 0.565 0.560 0.581 0.581 0.582
DailyNews 0.603 0.598 0.629 0.707 0.704 0.710

Table 5: Validation of classifiers trained on MACE-
aggregated labels from People based on the expert-annotated
datasets for NYT and DailyNews (N=41). This table is gener-
ated with ANNOTATEDNY T and ANNOTATEDNYDAILY.

ers or long in-depth articles about social issues, which add
content about the election but would not qualify as hard news.
Additionally, the performance of the classifier would likely
improve if trained on NYT exclusively, and we may be miss-
ing stories that would qualify as hard news with the current
model.

Validation Summary We find that our framework for oper-
ationalizing hard news generalizes well. This is evidenced
by several findings. First, when examining all content across
the three outlets (People, DailyNews, and NYT) during the
politically calm period of July 2019, we found that NYT
contained the highest proportion of hard news. We further
validate this finding by inspecting the section headings of
the hard and soft news articles on NYT, and find that they
follow our expectations. For example, hard news falls under
political section headings, while soft news falls under head-
ings like Art. Next, we inspect coverage of the 2020 election
and find that DailyNews news also offers coverage of this
political event, at a rate similar to that of People. Thus, we
find that our operationalization is not limited to People only,
but generalizes to other outlets as well.

Discussion

We propose two definitions of hard news designed to capture
the nuances of covering politics in a modern media environ-
ment. We then apply these definitions to a large dataset of
articles on People, an outlet often considered to focus on
soft news and entertainment. To do so, we develop a training
program to collect high-quality annotations of hard news and
use these annotations to train a scalable machine learning
pipeline. We then utilize this final machine-labeled dataset to
answer our research questions.

We find that People does provide hard news coverage, with
42% of People’s political coverage being estimated as classic
hard news. Our novel definition of hard news introduces
increased constraints over the classic definition. Yet, even
according to this strict definition, we estimate that roughly
12% of People’s political coverage is novel hard news.

We also find that People covers political events. From
the Trump Impeachment Vote to the Capitol Insurrection,
People offered both classic and novel hard news coverage.
Furthermore, we find that People offers unique soft news
coverage around these events as well.

When directly related to the events, this soft news cover-
age typically focuses on how celebrities respond to and par-
ticipate in political events. For example, George Clooney’s
thoughts on the Capitol Insurrection, and Tyler Perry reaching



out to George Floyd’s family after his death.

Future Work This work suggests several avenues for fur-
ther research. One potential direction is to develop a more
expansive definition of hard news that aligns with the stylistic
and contextual nuances found in soft news environments. For
instance, this extended definition could incorporate politi-
cal information framed through human interest narratives or
celebrity-focused storytelling. While People included numer-
ous articles with a hard news frame and a formal news style,
other entertainment-oriented outlets may blur the boundaries
between political and non-political content more thoroughly.

Another critical direction involves examining audience
composition and information consumption patterns. For ex-
ample, how many readers engage exclusively with celebrity-
centered coverage of political events, and how does their
understanding of these political events differ from those who
also consume hard news across a range of outlets?

Finally, an important but still unexplored question con-
cerns the practical implications of applying different hard
news definitions—classic versus novel—for informing and
engaging readers. Future work could investigate whether
exposure to content classified under our “novel” definition
of hard news results in more knowledgeable or politically
engaged readers, compared to those encountering “classic”
hard news. For example, this research could consider more
subtle aspects of engagement, such as immediate reader per-
ceptions and emotional responses, which can influence how
individuals process political information over time.

We focus on news published predominantly by People,
but also by two other legacy outlets: NYT and DailyNews.
These outlets are incredibly important to understand, given
their vast readership. Even on social media, users are often
engaging with content produced by such outlets (Kiimpel,
Karnowski, and Keyling 2015; Maj6-Véazquez et al. 2017;
Rosengard, Tucker-McLaughlin, and Brown 2014). Future
work could investigate hard and soft content on social media
or inspect how people respond to different types of stories.

Limitations

We see three main limitations with this work. The first is
in our annotation design. To overcome the potential noise
from recruiting from an online platform, we went through
many rounds of evaluating annotators and removing those
who failed to meet a performance threshold on a held-out
dataset. As demonstrated in Table 3, this ultimately led to
a high-quality set of annotated data, especially for the def-
inition of classic hard news. However, there is still noise
in the annotations and this may affect downstream results,
especially for the definition of novel hard news. Similarly, al-
though we see strong performance from the machine learning
models, future work may improve this performance.

Second, while we know what People is publishing, we do
not know what is being consumed. Understanding who is
consuming what kinds of content would greatly add to our
study and enable us to understand if hard news is less popular
on the platform than other kinds of content.

Third, we treat our labeled data as ground truth. However,
we would like to point out that this is an oversimplification.
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In reality, there is no ground truth label as to whether an
article is hard news or not. Instead, it may be more realistic to
imagine the label of hard news as a latent variable. From this
perspective, we may propose a latent-variable model where
we would like to infer the probability that an article is hard
news given its observable characteristics. Alternatively, one
could pose this learning task as a weakly supervised problem.
Here, we would view each composite concept (e.g. recency)
as contributing to the overall classification of hard news. We
leave these formulations for future work.
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any information that could be used to identify individuals,
the study presents no risk to individuals.

We will store data in our university’s data center. The data
center is protected through multiple layers of physical secu-
rity and layered network protection firewalls. The hardware
is monitored by a professional technical team running contin-
uous monitoring software to detect malicious access, running
automatically scheduled updates, and cooperating with the
campus computing teams to keep abreast of potential and
active security threats.

We recruited participants through Prolific and paid them
an hourly rate of $30-$40.

Implementation Details

The dataset consisting of 1026 annotated articles was split
into 6 folds, with the 6th fold held out as the test set. The
remaining 5 folds formed a stratified 5-fold cross-validation
to perform hyperparameter tuning. The experiments were run
across 3 random seeds (1, 2, and 3). Logistic Regression with
TF-IDF was implemented with scikit-learn. The Transformer-
based models were implemented in full precision (FP32)
with PyTorch and Hugging Face. Cross-entropy loss with an
AdamW optimizer was used to train all Transformer-based
models.

In our hyper-parameter search we iterated over different
values of the learning rate, weight decay (for AdamW), hid-
den layer size, dropout, and number of epochs. A batch size of
16 was used for all experiments. Each model was trained for
20 epochs. Our approach combined a grid search for epochs
and hidden layer size with random sampling for the remaining
parameters. Specifically, we performed a grid search across
all hidden layer sizes. For each grid point, we randomly sam-
pled 20 combinations of learning rate, weight decay, and
dropout. These sampled parameters were then combined with
the corresponding grid search values, resulting in a set of
hyperparameters defining a unique model configuration. Hy-
perparameter ranges can be found in the Appendix (see Table
7). All experiments were run with 8 A5000 GPUs with 24
GB of memory. Macro F1 scores were used to evaluate model
performance. Hyperparameters were selected based on the
highest validation F1 score averaged across all folds and
seeds; the corresponding test F1, precision, and recall scores
were reported.

Inter-Annotator Agreement and Simulations

Table 8 lists the Krippendorff’s Alpha and the simulated
agreement levels for each concept. Simulated Krippendorff’s
Alpha was derived by simulating labels for each concept.
Labels are drawn from a Bernoulli(p) distribution, where p
is the prevalence of the True class for the particular concept
based on unaggregated annotations. Since the labels are ran-
domly drawn, the Krippendorff’s Alpha, which adjusts for
chance agreements, for each concept is expected to be 0. We
observe that the simulated Krippendorff’s Alpha scores for
all concepts are near 0, consistent with expectation.
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Figure 4: Each circle shows the fraction of articles classi-
fied as classic or novel hard news (labels were derived from
Majority Vote) over a four week time period. The circle corre-
sponding to January 2021 has 633 articles. On average, there
were 237 articles per month. This figure is generated using
POLITICALKEYWORDS.

Results for Majority Vote Label Aggregation

Experiments and analyses with labels generated by majority
vote are presented in this section. Table 6 shows the classifi-
cation experiments for classic and novel hard news with the
majority vote labels. Figure 4 and Figure 5 report the updated
prevalence of hard news over time and publication behaviors
surrounding key events based on the MACE labels.

Annotator Demographics

Our study involved 22 annotators aged 22—52 years (mean
and median age: 36 years). The group comprised of 10
males and 12 females. Ethnic composition was predomi-
nantly White (15 participants), followed by Black (5) and
Mixed ethnicity (2). All participants were U.S. nationals and
native English speakers.

Regarding employment status, most were employed full-
time (12 participants), others part-time (6), one was due to
start a new job soon, one was unemployed and seeking work,
and employment data was unavailable for two participants.
Educational status included 5 students, 12 non-students, with
data unavailable for five participants.

Overview of the Datasets Used in Our Analysis

* ALLPEOPLE: Includes all scraped articles from October
2016 to November 2023 without any filtering.

* POLITICALKEYWORDS: Comprises articles published
between October 2016 and November 2023 that contain
specified political keywords. Political keywords include:
Supreme Court, Politics, Election, President, Democrat,
Republican, Obama, Clinton, Romney, Trump, Biden, and
Congress.

* POLITICALEVENTS: Consists of articles related to spe-
cific political events, published within two weeks before
and after each event. The keywords for each event are:



Classic Novel
Model F1 Precision Recall F1 Precision Recall
LOgiS[iC Regression 0.7900.000 0.791 0.000 0.7900.000 0.68904000 0.68704000 0.6920.000
DistilBERT 0.8190.005 0.8230.005 0.8250.006 0.7410.001 0.7290.003 0.7630.010
RoBERTa 0.8030.008 0.804¢.008 0.8049.000 0.7500.009 0.7490.003 0.767¢.023
DeBERTa 0.8270,008 0.8280‘008 0.8300,008 0.7350(001 0.7510‘020 0.7350,012

Table 6: Comparison of Model Performance for Classic and Novel Hard News. Labels were derived from Majority Vote.

Subscripts denote standard deviation across 3 seeds (1, 2,
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Figure 5: Article breakdown for 2 weeks following key events. Labels were derived from Majority Vote. Bars show total articles
(all articles published on the day of, and the two weeks subsequent to the event), articles containing event-specific keywords, and
keyword articles classified as classic or novel hard news. Number inside each bar denotes the number of articles within that
particular category. On average, we observe 46% of all articles in the corpus to be novel hard news and 38% to be classic hard

news. This figure is generated using POLITICALEVENTS.

Hyperparameters Range

Epoch {1,2,3,4,...,20}
Batch size {16}
Classification Head Hidden Dimension {512, 1024}

Learning rate
Weight Decay
Dropout

{loguniform(le-6, le-4)}
{loguniform(le-4, le-2)}
{uniform(0.1, 0.5)}

Table 7: Hyperparameter tuning was conducted using these
ranges to determine the optimal settings.

— Trump Impeachment Vote: impeachment, impeach,
inquiry

— Biden Becomes Presumptive Democratic Nominee:
biden, democratic, nominee

— George Floyd Murder and Protests: Black Lives
Matter, George Floyd, protest, BLM, police, violence,
george, floyd

— Election Day: election, turnout, poll, election day

— Capitol Insurrection: Capitol, insurrection, protest,
jan 6th, 6th, storm, stolen, violence

* Comparative Datasets: Includes two datasets from other
news sources:

— Aurticles containing the keyword election from the NYT
(1239 articles) and DailyNews (124 articles) during
October-November 2020.

— Annotated subsets of these articles: ANNOTATED-
NYTand ANNOTATEDNYDAILY, each consisting of
41 articles, used to evaluate classifier generalizability.

— Articles published during the last week of July 2019
(7121719 - 7/28/19) for both NYT and DailyNews, re-
sulting in NY7-7-19 and DailyNews-7-19. Non-news
articles - such as opinions, obituaries, and newsletters -
in NYTare removed. No keyword filtering is applied.
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Concept Krippendorff’s Alpha | Simulated Krippendorff’s Alpha
RECENT 0.24 0.02
MENTIONSPFIGURE 0.62 -0.01
MENTIONSCELEB 0.59 -0.01
CENTRALPFIGURE 0.63 0.00
CENTRALCELEB 0.59 0.03
CENTRALPEVENT 0.40 -0.01
CELEBIMPLICATIONS 0.36 -0.01
PIMPLICATIONS 0.40 0.03
NOVEL 0.38 0.00
CLASSIC 0.48 -0.00

Table 8: Simulated Krippendorff’s Alpha was derived by simulating labels for each concept. Labels are drawn from a Bernoulli(p)
distribution, where p is the prevalence of the True class for the particular concept based on unaggregated annotations.

Potential hard news -
but doesn't meet our definition - 37.04 %

Celebrities - 22.22 %
Crime - 18.52 %
Other - 7.41 %
Outright errors -

meets our definition but the model is wrong - 7.41 %

Celebrities and political events - 3.70 %

Entertainment frame on a
political event or politician - 3.70 %

Figure 6: Categorization of soft news articles covering political events in DailyNews (N=27). Potential hard news not meeting
definition criteria (37%) represent the largest category, followed by celebrities (22%).

Inspecting Soft Election Coverage on
DailyNews

Generalization to other outlets We additionally inspect
how other outlets cover events with soft news frames. For ex-
ample, we inspect coverage of the same set of events as those
included in the People analysis in the DailyNews articles. We
follow the same approach where we manually inspect each
article which is tagged with event key words and which our
classifier predicts as being soft news.

Doing so we find that the majority of articles (81%) can
be categorized using the taxonomy developed on People.

We find that the largest proportion of articles (37%) can
be described with the category of potential hard news. This
is to be expected, as our definition focuses on political hard
news. The next most common category is described with the
category of celebrities. However, we find that DailyNews also
offers a category of Crime articles, which we define as having
a focus on a crime that has occurred or police activity. While
People also offers Crime articles, they are currently grouped
under Other as they rarely occur in that outlet.

Although we find that that soft news outlets do contain
some coverage of political events that reflects a hard news
approach, we also find that these outlets cover political events
in different ways than hard news outlets. Given their focus,
however, this coverage is likely to be supplemented via arti-
cles connecting current political events to celebrity activity,
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the entertainment industry or framed through a more human-
interest lens. While the exact way that each outlet employs
this strategy likely varies, we expect that readers of soft news
outlets are likely to be made aware of these events even if
they only read these types of traditional soft news articles.

Robustness Check

We performed a robustness check to ensure that our results
are robust to the idiosyncracies of individual annotators. That
is, we selected the top-15 annotators (out of 22) and trained
a supervised machine learning model using the aggregated
labels from these 15 annotators, where each article in this
training set still must have at least 3 annotations and an odd
count. To determine the best annotators, we computed each
annotators’ Macro F1 score for the novel hard news classi-
fication task using the Dawid-Skene model. This resulted
in all 15 annotators having a Macro F1 score higher than
0.70 and a training set of 280 articles (compared to 1026
in ANNOTATEDPOLITICALKEYWORDS). Due to time and
resource constraints, we trained a logistic regression with
TF-IDF embeddings to predict whether each article is hard
news (both classic and novel). We find that the predicted
rates of hard news in POLITICALKEYWORDSis robust: there
were 38% classic and 16% novel hard news based on a model
trained with the top annotators. In contrast, using all annota-
tions from the full set of 22 annotators, we find 42% classic



and 12% novel hard news in People’s political coverage. This
assures us that the full dataset is of reasonable quality as to
produce reliable results.
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