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ABSTRACT 
To support efcient, balanced news consumption, merging articles 
from diverse sources into one, potentially through crowdsourc-
ing, could alleviate some hurdles. However, the merging process 
could also impact annotators’ attitudes towards the content. To 
test this theory, we propose comparative news annotation; that is, 
annotating similarities and diferences between a pair of articles. 
By developing and deploying NewsComp—a prototype system—we 
conducted a between-subjects experiment (N = 109) to examine how 
users’ annotations compare to experts’, and how comparative an-
notation afects users’ perceptions of article credibility and quality. 
We found that comparative annotation can marginally impact users’ 
credibility perceptions in certain cases; it did not impact perceptions 
of quality. While users’ annotations were not on par with experts’, 
they showed greater precision in fnding similarities than in iden-
tifying disparate important statements. The comparison process 
also led users to notice diferences in information placement and 
depth, degree of factuality/opinion, and empathetic/infammatory 
language use. We discuss implications for the design of future com-
parative annotation tasks. 

CCS CONCEPTS 
• Human-centered computing → Human computer interac-
tion (HCI); Empirical studies in HCI . 
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1 INTRODUCTION 
News media often produces content that is signifcantly biased 
in favor of a particular ideology, especially on contentious top-
ics [31, 51, 72], and news consumers are afected by such bi-
ases [21]. Therefore, developing an informed opinion on a sub-
ject requires critically consuming news content from multiple 
sources. While the internet gives users access to news from mul-
tiple sources, when given choices, people tend to choose content 
that aligns with their viewpoints due to confrmation-seeking ten-
dencies [14, 55, 55, 70, 73]. Furthermore, the task of engaging with 
multiple perspectives is not easy and probably not performed equi-
tably by all users [34, 66]. One potential solution to this problem 
could be to use experts (i.e., journalists) to combine news items 
on an event from varying sources into a single story. However, 
a limited number of experts would likely fnd it difcult to man-
age the volume of news stories generated by news outlets from 
around the world. On the other hand, studies have shown that 
crowdworkers’ output can be signifcantly correlated with experts’ 
in some annotation tasks [2, 3, 9, 11, 74]. Building on such results, 
this work explores whether crowdsourcing could be a viable ap-
proach to combining news articles from varying sources. For a 
lay user, such a crowdsourcing task can be broken down into two 
aspects of comparative annotation: (i) fnding similarities and (ii) 
fnding important disparities. These annotations can be useful to 
both news consumers and fact-checkers, whether professional or 
crowdsourced (e.g., BirdWatch1). For everyday news consumers, 
merged articles can provide balanced perspectives on news events. 
Second, fact-checkers can use similarity/dissimilarity annotations 
to validate claims through multiple sources or trace the origin of 
specifc statements. Besides, a by-product of any annotation task is 
that performing the task could also afect the annotators attitude 
towards the content, in our case, the news articles or the issue at 
hand. In this work, we ask: 

RQ1. How well do users perform comparative annotation? 
RQ2. How does comparative news annotation afect users’ per-

ceptions of credibility and news quality? 
Here, we use a simplifed notion of comparative annotation: 

statements that are similar and statements that are dissimilar but 
important. Using the concept of comparative news annotation, we 
developed and tested NewsComp (see the interface in Figure 2): a 
prototype that allows readers to compare and annotate similar and 
contrasting statements between only two news articles. NewsComp 
has two components: (i) a comparative or side-by-side view of two 
articles from diferent sources, and (ii) an annotation tool. Specif-
ically, the annotation tool allows performing the two annotation 

1https://blog.twitter.com/en_us/topics/product/2021/introducing-birdwatch-a-
community-based-approach-to-misinformation 

https://doi.org/10.1145/3544548.3581244
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3544548.3581244
https://1https://blog.twitter.com/en_us/topics/product/2021/introducing-birdwatch-a
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tasks: (i) identifying similar statements across a pair of articles and 
connecting them with lines ( 3 in Figure 2), and (ii) identifying dis-
parate statements (statements with no similarity) from each article 
that are important and should be included in the other article in 
the pair ( 6 in Figure 2). To design the tool, we conducted a series 
of think-aloud formative studies with Google Drawings to observe 
the annotation process. During those interviews, we noticed users 
considering diferent criteria for annotation. For example, some 
considered only the content in each statement, while others consid-
ered the underlying themes behind the statements. Informed by the 
think-aloud sessions, we ask annotators to provide the reasoning 
behind their annotation (e.g., 2 in Figure 2). 

To answer our research questions, we conducted a between-
subjects experiment with NewsComp in a controlled environment. 
We recruited 109 participants using Facebook advertising, which al-
lowed us to recruit users from a large and diverse pool. Participants 
were randomly assigned to either the treatment or the control group. 
For the study, we used two pairs of articles on two contentious top-
ics: immigration and abortion. To generate gold standards for the 
sake of comparison, we recruited two experts from the university’s 
Department of Communication (one of whom had fve years expe-
rience as a journalist) and asked them to perform annotation and 
rate the articles. Our experts found diferent degrees of similarity 
between the two pairs of articles; specifcally, the pair of immigra-
tion articles had high dissimilarity (high contrast), while the pair of 
abortion articles pair was highly similar (low contrast). During the 
study, users in the treatment read and annotated a pair of articles 
on the same topic, and then responded to a questionnaire designed 
to address our research questions (related to perceptions of cred-
ibility and quality). Meanwhile, users in the control group read a 
pair of articles on separate events without adding annotations and 
responded to the same questionnaire. We analyzed the extent to 
which news consumers’ annotations matched experts’ annotations, 
the impact of article topic and users’ news expertise (knowledge 
of current events, perceived value of media literacy) on annotation 
quality, the reasons behind annotations, and how the treatment 
group’s article perception compared to the control. 

Regarding RQ1, we found that users performed poorly on both 
annotation tasks. However, they had higher precision in fnding 
similarities than in identifying important statements among the 
disparate statements. We also found that fltering out annotations 
based on the number of users who annotated an item can rule out 
some false positives in fnding similar statements, thus improving 
their collective F1 score. In our study, ruling out annotations made 
by fewer than fve or six users produced the highest F1 score. Users 
with low current event knowledge made more annotations and 
had higher recall. We also found that while annotating statement 
similarity, users provided diferent types of criteria, such as seeing 
connections when two statements discuss the same person, loca-
tion, date, quote, or other information. Among statements with no 
similarity, when annotating if a statement is important and should 
be included in the other article, users sometimes marked a state-
ment important if it provided clarifcation or elaboration on other 
statements or if it provided a missing perspective. Furthermore, 
we found that both generic words (e.g., “quote” and “similar”) and 
article-specifc words (e.g., “lawsuit”) mentioned in the rationales 
can diferentiate incorrect annotations from correct ones. Perhaps 

such generic words in rationales can be used to flter out false posi-
tives in annotations on articles on diferent topics. Comparing the 
articles, annotators also saw diferences in perspectives presented, 
information placement, depth of detail, amount of factual/opinion 
statements, empathetic presentation, and use of infammatory lan-
guage. Perceptions of NewsComp itself were mixed, though skewed 
more towards positive than negative. Regarding RQ2, we found that 
the treatment group’s credibility ratings were signifcantly diferent 
compared to the control group’s for high-contrast articles. For low-
contrast articles, users in both groups performed similarly. There 
were no signifcant efects on perceptions of quality. Overall, this 
study indicates that we can leverage the comparative annotation 
mechanism to engage users in reading multiple perspectives. How-
ever, since users produce annotations with high error rates, creating 
tools to assist in annotation could help reduce errors. We discuss ap-
plications for annotated data, such as developing a holistic view of 
an event from multiple news sources, teaching machines to discern 
article quality, training machine learning algorithms to generate 
better annotations, and assisting fact-checkers in their work. We 
conclude with implications for the design of future comparative 
annotation tasks, such as modularizing into subtasks, providing 
supporting features to reduce load, and supporting co-annotation 
by multiple users. 

2 BACKGROUND AND RELATED WORKS 
In this section, we begin by providing some background on media 
bias and multi-perspective online news consumption. Thereafter, 
we discuss related research on designing annotation tools for mak-
ing sense of information and the efects of such annotations. 

2.1 The Need for Multiperspective News 
Consumption 

While news articles should ideally follow established journalistic 
practices, various forms of biases and inaccuracies are injected into 
articles during the content production process. This begins in the 
information gathering stage, where journalists must select events 
and related facts from sources. In doing so, news publishers can 
infuence which topics readers perceive to be relevant by selectively 
reporting on topics of their choosing [65]. Next, journalists include 
and exclude information from sources (e.g., press releases, other 
news articles, and studies), shaping the perspective on the event. 
In the writing phase, journalists make stylistic choices which may 
refect their view of the news item, thereby producing biased cover-
age. For instance, journalists may introduce bias through the use of 
labeling (“a senator” vs. “a Republican senator”) and word choice 
(“illegal alien” vs. “undocumented immigrant”). Such methods allow 
journalists to promote a particular interpretation of a topic [24]. 

Research suggests that a majority of news consumers are afected 
by media bias [21, 44, 54] in diferent ways [23, 65]. Such bias can 
infuence voting or election outcomes [20, 23, 54]. Furthermore, 
media bias promotes polarization in public opinion, especially on 
contentious topics [72]. Some scholars argue that media bias chal-
lenges the pillars of American democracy [37, 83]. Overall, these 
works point to the need to consume news from diverse perspectives 
to deal with biases in the media. 
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2.2 Barriers to Multiperspective News 
Consumption Online 

Lazarsfeld et al. introduced the two-step fow model of communi-
cation, referring to the two gatekeeping stages that occur before 
an individual forms an opinion on a subject: frst by news orga-
nizations, and then by opinion leaders in the individual’s social 
circle [45]. Even though the internet has democratized access to 
information, including news, news consumption in the internet age 
still seems to follow the two-step fow model in communication 
in at least two ways: news selection and consumption [16, 45, 67]. 
First, personalization algorithms act as flters for content selec-
tion; thus, they perform a gatekeeping function similar to that of 
opinion leaders in the pre-internet age [57, 67, 71]. Second, per-
vasive, echo chamber–esque news comment sections tend to pro-
mote opinions from opinion leaders with views aligned with users’ 
own beliefs [16, 35]. One problematic aspect of this internet-based, 
two-step communication is that users may not be aware of the 
second gatekeeping stage, given that algorithmic efects are often 
hidden, and partisan biases of opinion leaders in comment sec-
tions may also be obscured by anonymity [17, 67]. Even when 
readers become aware of content with a political slant opposed to 
their own, they may lack the motivation to consume that content 
that due to political polarization and confrmation-seeking tenden-
cies [6, 13, 19, 27, 43, 55, 73]. Indeed, some research has found that 
while people might read more content when using diverse content 
selection tools, this leads primarily to an increase in the amount of 
content consumed, not the diversity of the content [14]. One reason 
for this outcome could be individual diferences between diversity-
seeking and challenge-averse people; challenge-averse people may 
tend not to consume diverse content [53]. To address this bias, some 
prior works developed mechanisms to promote diverse news selec-
tion through design tools, such as NewsCube [58–61], or through 
nudges to read alternative viewpoints [52]. Though these prior 
works demonstrated improved exposure—that is, clicks or visits 
to news sites with diverse political slants—there is a gap in our 
understanding of whether design tools can encourage critical en-
gagement and whether such engagement afects users’ perceptions 
of the news. Furthermore, these tools do not ensure that people read 
articles on the same events from politically diverse sources. We aim 
to bridge this gap by bundling pairs of articles on the same event 
from difering perspectives in a comparative annotation interface 
to test engagement and its efects. 

2.3 Designing for Information Consumption 
through Comparison 

Scholarship on reasoning, comprehension, and learning outlines 
diferent mechanisms in understanding information, whether users 
learn from data or the structure of information [4, 38, 78]. Some-
times, reading multiple sources alone can help change a reader’s 
mental model of a subject [10, 69]. Comparison can further help 
people recognize common features shared across items or iden-
tify features that distinguish them [15, 38, 77, 78]. Some suggest 
that a comparison mechanism allows users to create broad con-
cept categories by grouping similar concepts in either a bottom-up 
approach (clustering) or a top-down approach (assigning existing 

categories) [84]. In HCI research, creating design elements or afor-
dances for easier information consumption is not new. For example, 
interactive elements allow users to choose where to go or what to 
read next [26]. Such design elements can assist readers in construct-
ing a cognitive model to support a thorough understanding of a 
news event. This construction of a news schema is supported by pro-
viding signals—layouts, visual elements, and textual structures—to 
news readers that meet their expectations for news [40]. For ex-
ample, a newspaper reader’s understanding of certain afordances 
(e.g., section labels, such as “opinion”) may assist them in contextu-
alizing and understanding the information [75]. It may even boost 
recall signifcantly [62]. Building on a similar idea, we design a 
comparative interface where pairs of articles are displayed side by 
side to facilitate the comparison process for users. 

2.4 Annotating Using the Crowd and its Efect 
In educational settings, annotation has long been used to boost 
reading comprehension, critical thinking and meta-cognitive skill 
improvement. Many online annotation tools have been developed 
over the last decade, including Gibeo [7] and HyLighter [46]. Much 
of the research on annotation focuses on efects in classroom set-
tings and often takes the form of collaborative annotation [56]. On 
annotation tasks, prior research also suggests that users’ perfor-
mance may vary with demographic characteristics, political biases, 
task complexity, and subject matter [5, 9, 30, 48, 50]. Some research 
indicates that annotation technology could improve users’ efec-
tiveness and efciency in information-related tasks, such as search 
tasks [39]. Informed by such outcomes, we explore the efectiveness 
of comparative annotation in identifying content quality in a news 
consumption setting. 

3 FORMATIVE STUDY FOR DESIGNING 
NEWSCOMP: THINK-ALOUD INTERVIEWS 

To design an interface where users can simultaneously compare 
news articles, we began with a set of think-aloud interviews 2. We 
used two types of prototypes during this phase: a high-fdelity inter-
face powered by algorithmic similarity metrics and a Google Draw-
ings board. By high-fdelity, we mean an interactive prototype with 
a working front-/back-end. During this phase, we conducted a total 
of 10 think-aloud interviews with four members of our research 
groups (none of whom are authors of this paper) and six under-
graduate students with diferent majors (communication, political 
science, and computer science) and levels of news consumption 
expertise. We used a separate set of participants for interviews 
with each prototype. These interviews revealed several aspects for 
consideration in our design. Below, we discuss how our interview 
process evolved and summarize the insights we gathered. 

3.1 Inaccurate Algorithmic Annotation 
This phase consisted of six interviews conducted with an inter-
face we designed to support comparison through similarity scores 
obtained from a state-of-the-art sentence transformer and its se-
mantic sentence matcher3. All six participants mentioned that the 
algorithm’s similarity annotations were inaccurate. This efect may 

2All of our studies were approved by the institutional review board at our university 
3https://huggingface.co/sentence-transformers/all-mpnet-base-v2 

https://huggingface.co/sentence-transformers/all-mpnet-base-v2
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result from diferences in how users and algorithms compute simi-
larities. Whereas a human can take a statement, event, surrounding 
sentences and other contextual aspects into consideration while 
fnding similarity, algorithms are likely to prioritize word similarity. 
3.2 Annotating on Google Drawings 
Next, we moved towards asking users to perform the annotation 
task using a Google Drawings board. Here, we laid out a pair of news 
articles side by side on the drawing board by segmenting them into 
sentences (see Figure 1). Then, we asked our participants to perform 
two annotation tasks, one after another: (i) fnd similar statements 
between the two articles and draw lines between them, and (ii) 
revisit statements without corresponding, similar statements to see 
if they convey important information that should be included in the 
other article. Since users reported inaccuracies in algorithmic state-
ment matching, we refrained from providing machine-generated 
annotations as suggestions. Figure 1 shows a screenshot of the 
interface and the annotations provided by one of the participants. 
As in the prior interviews, we recorded participants’ actions. These 
tasks took longer compared to the previous interviews, as users it-
erated over each statement multiple times to add annotations. After 
completing the task, we asked semi-structured interview questions 
to clarify the participants’ actions. Our observations and the partic-
ipants’ answers helped us identify several considerations for our 
study, outlined below. 
3.2.1 Criteria for Finding Similarities: Content and Underlying 
Theme. After the annotation task sessions, we asked participants 
to elaborate on the criteria they used to fnd similarities. From their 
responses, we found two similarity criteria: content and underly-
ing theme. Though one participant mentioned structural position 
(e.g., the lede in a news article) as a criterion, none of the other 
participants mentioned it. In our fnal deployment, we asked users 
to provide rationales for why statements were similar. 

3.2.2 Considerations for Finding Important Information Present 
in Only One Article. When asked about how participants chose 
statements conveying important information that was worthy of 
inclusion in the other article, they mentioned two considerations. 
The frst of these considerations was whether a statement ft the 
narrative of the other article. Participants suggested that a statement 
in article A should only be labeled “important” if it fts the narrative 
in article B and provides important context missing from article 
B. Such missing information might include statements detailing 
what happened after an event or how something happened. Even 
when a statement did not ft within the narrative of the other article, 
some suggested that such a statement should still be included (“This 
task is difcult, because the two articles are focusing on diferent 
narratives ... the other article does a bad job at portraying them as 
such [smuggled people being seen as inhuman]. Therefore, I think 
that bringing the human cost displayed here into the other article 
would be helpful.” - P3). Participants mentioned that any information 
among the dissimilar statements that could be inferred from other 
statements or the context of an article did not need to be included. 
In light of these nuances in the reasoning behind answering the 
questions, the result suggests that participants were more critically 
engaged in reading and comparing the two articles during this 
exercise than they were during the exercise that presented ML-
recommended results. Therefore, in our fnal design, we asked users 

to provide rationales behind annotations when fnding something 
important to be included in the other article. 

3.2.3 Readers Have Varying Expertise in Identifying Similarities. 
During these interviews, we noticed that readers’ diferent levels of 
expertise in reading news and knowledge on the topic led to difer-
ent annotations. During two interviews with participants who had 
less news expertise, we presented another participant’s thematic 
connection annotations and asked if the interviewees could under-
stand the original annotator’s intentions. Neither participant was 
able to explain the annotator’s intentions. These fndings led us to 
one of our research questions; specifcally, how user characteristics 
relating to news expertise afect comparative annotation. 

Overall, both studies revealed to us that a comparative annota-
tion task could strengthen users’ engagement with news content, 
and we implemented such a task in our fnal design for NewsComp. 

3.3 The NewsComp Interface and How It Works 
Based on the fndings from our two formative studies, Figure 2 
shows the fnal NewsComp interface we implemented. At the top of 
the page, instructions for the tasks are laid out ( 1 ). The task asks the 
user to read the pair of articles and perform two steps: (i) fnd similar 
statements within the articles and create links between them, and 
(ii) check if a statement with no corresponding similar statement in 
one article is important and worthy of inclusion in the other article. 
To help users understand how to perform the two steps, there is a 
button below the task description that opens a video/GIF showing 
a tutorial of both steps. In our deployment, we made a point of 
reminding users to watch the tutorial before proceeding. A toolbar 
below the taks description ( 2 ) helps users perform the frst step. 
Specifcally, when users link two statements, the toolbar shows the 
statements that are highlighted (in yellow) and provides a text box 
where they can supply a rationale for the connection right before 
fnalizing the annotation. Below the toolbar, two news articles are 
presented side by side (as in our initial interface) with the article 
title at the top, followed by statements segmented exactly as in the 
original article. To limit preexisting biases, there are no links to the 
canonical source, nor any reference to the authorship. The interface 
also hides any nontextual components (i.e., videos and images). 
To begin connecting statements, users click the two statements 
to select them. Selected statements are highlighted with a yellow 
background. To mark a statement as worthy of inclusion in the other 
article, each statement contains a checkbox ( 6 ). There is also a text 
box below this checkbox for users to provide a rationale for marking 
a statement as important. When a user connects two statements, 
the checkbox and text box for the statement are programatically 
disabled and grayed out. After selecting a statement from each 
article, a dashed arrow representing a pending connection appears 
( 4 ). When a user fnalizes a connection by flling in a rationale and 
clicking “connect,” the dashed arrow ( ) changes to a solid arrow 

3( ) to represent a confrmed connection ( ). In addition, a list of 
connections appears to the right of the articles ( 5 ) to allow users to 
delete connections they have created. Users can delete a connection 
by clicking the cross button next to it. After fnishing both tasks, 
users scroll to the bottom of the page and click a button to confrm 
they have fnished the annotation tasks. This system was built with 
a React front end with Bootstrap CSS, and a Flask back-end server 
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Figure 1: A Google Drawings board used for think-aloud interviews. Similar to the high-fdelity interface, two articles are 
presented side by side here. Users can use all the available tools to link similar statements or highlight dissimilar statements 
that contain important information which should be included in the other article. 

with a MySQL database. To draw the connection lines, we used the 
Leader-Line4. To scrape news articles, we used NewsPaper5. For 
the formative study, we used Sentence Transformer6 to generate 
sentence embedding and calculate sentence pair similarity score. 

4 EVALUATION STUDY 
Using NewsComp, we examine two research questions: 

RQ1. How well do users perform comparative annotation? 
RQ2. How does comparative news annotation afect users’ per-

ceptions of credibility and news quality? 
To answer, we conducted a between-subjects experiment in a 

controlled environment using two pairs of news articles. We created 
a separate interface for the control users. In the control interface, 
only one article is shown at a time. Figure 3 shows the study design 
for our experiment with four experimental groups: two treatment 
and two control groups. Each group read two news articles. While 
the treatment group was able to view two articles on the same topic 
simultaneously, the control users read articles on diferent topics 
sequentially to account for any learning efects from recall and 
comparison. All four groups read stories from two sources with 
diferent political leanings. We randomized article location (left or 

4https://github.com/anseki/leader-line 
5https://newspaper.readthedocs.io 
6https://huggingface.co/sentence-transformers 

right) for the treatment group and article order (frst or second) for 
the control group to account for any ordering efect. 

4.1 Article Selection 
For our study, we picked two politically contentious topics (immi-
gration and abortion), where reading content from diverse perspec-
tives can be benefcial. The topics were chosen from recent news 
coverage at the time of the user studies. For each topic, we chose 
articles published at least two weeks prior to deployment to limit 
possible recall efects. Pairs were selected by fnding two articles 
from politically opposed sources under the same story bundle on 
Google News. When choosing article pairs, we picked pairs with 
diferent levels of similarity and diference. Since the article pair 
on abortion(E2) had more similarities than diferences, we catego-
rized the pair into the low-contrast category. On the other hand, 
the pair on immigration (E1) had more apparent diferences than 
similarities, so we categorized it into the high-contrast category. 
This categorization was confrmed by our experts’ gold standard 
annotations (see 4.6), which identifed more than 50% of the article 
text as similar in the low-contrast pair while identifying less than 
25% of the text as similar in the high-contrast pair. The selected 
articles (E1L, E1R, E2L, E2R) are reproduced in Appendix B. 

https://github.com/anseki/leader-line
https://newspaper.readthedocs.io
https://huggingface.co/sentence-transformers
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4

6

Figure 2: NewsComp Interface showcasing features with random annotations. 1 Annotation instructions in two steps: fnd and 
connect similar statements, and answer if a statement with no corresponding, similar statement is important to include in the 
other article. 2 Toolbar to fnalize a connection by providing a rationale 3 A solid arrow representing a connection already 
created A dashed arrow indicating that the connection creation tool is active 5 A list of connections including deletion 
buttons The importance question in step 2. 

C1(n=27)
Read E1L & 

QA

Read E2R & 
QA

Read E2L & 
QA

Read E1R & 
QA

C2(n=20)

T1(n=27)
Read & 

Annotate 
E1L+E1R

QA
Read & 

Annotate 
E2L+E2R

QA

T2(n=35)

Figure 3: Study design showing the experimental conditions for each of the four participant groups. Here, C and T respectively 
represent control and treatment groups; the number of participants is given in parentheses. Because we used four articles, we 
had two control groups (C1–2) and two treatment groups (T1–2). Article E� P represents an article about event X from a source 
with political leaning P (L for left, R for Right). Articles with � = 1 were about immigration, while those with � = 2 were about 
abortion. For example, E2R indicates a news article about abortion from a right-leaning source. The E1 pair had high contrast, 
while the E2 pair had low contrast. In the study, we randomized the order/position of the articles for each participant. 

4.2 Measuring Credibility, Quality, Current 
Event Knowledge, Media Literacy 

To address RQ1, we measured two expertise metrics: current event 
knowledge and value of media literacy. Here, the value of media liter-
acy diferentiates users’ general media literacy from their expertise 
on topics related to our study. To answer RQ2, we use perceptions 
of article credibility and quality, and we compare the treatment 

groups’ assessments with the control groups’. Below, we discuss 
how we measured each metric. 

4.2.1 Current Event Knowledge (CEK) and Value of Media Literacy 
(VML). To capture users’ news-related knowledge, we adapted the 
Current Event Knowledge measure created by Maksl et. al. [47]. 
Here, we included questions relevant to the two chosen article 
topics and some other timely topics (see Table 1). To measure users’ 
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i) It is biased (I) 
ii) It is not fair (I) 

Credibility [49] iii) It doesn’t tell the whole story (I) 
iv) It is not accurate (I) 
v) It cannot be trusted (I) 
i) It shows multiple viewpoints 

Quality [76] ii) It has information on causes and consequences 
iii) It provides balanced viewpoints 
i) Who is/was Kamala Harris? (a) President (b) Vice President (c) Senator from California (d) UN Ambassador 
ii) What does the recent Supreme Court ruling overturning Roe v. Wade entail? (a) Abortion is not a constitutionally protected 
right (b) In Missouri, abortion is legal before 24 weeks (c) All US states allow abortion for rape and incest (d) There is confusion 
about abortion rights relating to miscarriage and ectopic pregnancy 

Current Event iii) In California (a) everyone, including undocumented individuals, has the right to access their crime report (b) there are 
Knowledge no immigrant detention facilities (c) state and local police ofcers cannot inquire about an individual’s immigration status 
(CEK) [47] during a routine check 

iv) How is the Fed responding to the high infationary economic condition? (a) Raising the interest rate (b) Lowering the interest 
rate (c) Keeping the interest rate the same 
i) Two people might see the same news story and get diferent information from it 
ii) People are infuenced by news whether they realize it or not 
iii) News is designed to attract an audience’s attention 
iv)Writing techniques can be used to infuence a viewer’s perception Value of Me- v) People should accept information from the news on face value (I) dia Literacy vi) It is the job of citizens to overcome their own biases in consuming news (VML) [79] vii) People need to critically engage with news content 
viii) The main purpose of the news should be to entertain viewers (I) 

Table 1: Questionnaires used in the study. Credibility and quality questions were asked after reading or annotating. (I) means 
these items were inverted for analysis. The correct responses appear in boldface. The CEK questionnaire contains multiple-
choice questions, while the VML, credibility, and quality questions are 5-point Likert items. The VML and CEK items were 
presented in the pre-survey. 

perceptions of media literacy, we used a prior scale created by 
Vraga et. al. [79]. To calculate CEK scores, we added 1 point for 
each right answer and deducted 1 point for each wrong answer. 
In our study, CEK ranged from -1 to 7, with 4 being the median 
value. For VML, we average the responses across items. The score 
for VML ranged from 1 to 8, with 6 being the median. Finally, for 
both measurements, we use the median score to create a binary 
response variable with values “low” and “high.” For example, users 
scoring less than 4 in CEK were categorized as low-CEK users and 
vice versa. 

4.2.2 Credibility & Qality. We used a fve-item questionnaire by 
Meyer et al. [49] to measure users’ perceptions of credibility for 
every news item (see Table 1). In our study, we found that this 
measure had high internal consistency (Cronbach’s � = 0.85), close 
to the result in Meyer et al. For news quality detection, we use a 
modifed version of the questionnaire suggested by Urban et al. [76] 
(see Table 1). Similarly to the credibility questionnaire, participants’ 
responses to these questions showed high internal consistency 
(Cronbach’s � = 0.89). We measured all of these items on a 5-point 
Likert scale, from “Strongly Disagree” (1) to “Strongly Agree” (5). 
Note that scores for the credibility items are inverted for analysis. 

4.3 Recruitment 
To recruit participants for our fnal NewsComp interface, we used 
Facebook advertising for two weeks in August 2022. This method 
allowed us to organically recruit diverse participants from a large 

pool. We also did limited advertising on news subreddits (such as, 
r/politics, r/moderatepolitics, r/news, r/neoliberal, 
and r/conservative) through private messages from our research 
group’s Reddit account, reaching about 40 users. Two users re-
sponded to these messages. Since the article topics are US-centric, 
our ads targeted people living in the US with interest in news-
related pages. Thus, our study result may not be generalizable 
beyond the context of the US. The advertisement led users to a 
pre-survey to sign up for the study. In the pre-survey, we screened 
users with the following study eligibility criteria: (i) I am 18 years 
old or over, (ii) I reside in the United States, (iii) I read at least one 
news article online every day, (iv) My primary language for news 
consumption is English, and (v) I use a laptop or a desktop for online 
news reading. Besides these criteria, we also screened out users 
who failed attention checks, had an IP address outside of the US, or 
spent very little time (less than half of the median time, which was 
two minutes) in the pre-survey. Overall, 685 users clicked on the 
survey, out of which 238 passed the screening criteria. We invited 
all of these participants to the study in multiple batches. Ultimately, 
109 participants completed the study. Participants who completed 
the study were compensated with $7.50 gift cards for the 30-minute 
study, in line with the state’s minimum wage. 

4.4 Procedure 
Users who met the screening criteria in the pre-survey flled out the 
rest of the survey, which contained questions about demography, 
including gender, age, race, education, and political afliation, and 
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the two news expertise measures. Within three days of submitting 
the survey, we invited eligible users to participate in the study via 
email. In the email, we provided the consent document, instructions 
for using the interface, and a link to the study website. When users 
clicked the link to access the study website, they were randomly 
assigned to one of four groups (two treatment and two control) 
to ensure a balanced sampling design. Since some people who 
clicked the link ultimately did not complete the study, the fnal 
group sizes are not exactly equal. Recall that after visiting the study 
website, treatment users were asked to view a tutorial on how 
to add annotations before reading and annotating articles. After 
fnishing the annotation process, users responded to the credibility 
and quality questionnaire. The annotation interface, including the 
articles and annotations, was still visible at this time. In the control 
condition, there was no annotation task, and participants read only 
one article at a time. The control users additionally responded to 
the credibility and quality questionnaire after reading each article 
(see Figure 3). 

4.5 Participant Pool 
Due to screening and self-selection bias, our study participants 
were not equally distributed in certain demographic dimensions, 
such as age. Additionally, since one of our aims was to identify 
how users with diferent demographic characteristics compare in 
their annotations in RQ2, we invited more users in the treatment 
condition. Though our pre-survey had a large number of categories 
for diferent demographic characteristics, we merged groups with 
small numbers of respondents for more meaningful diferentiation. 
Figure 4 shows this distribution. Here, we grouped two consecutive 
age groups, merged participants from nonwhite races together, and 
divided respondents by education into those with any university 
degree versus those with no degree. Generally, participants were 
skewed towards younger age groups, male, white, college-educated, 
and politically left-leaning. 

4.6 Gold Standard Generation 
To compare annotation quality, we used expert-produced gold stan-
dards. To obtain gold standards for both the annotations and the 
perception metrics, we recruited two senior PhD students from the 
university’s Department of Communication for an interview ses-
sion. Both had past experience in conducting news content analysis 
research and were familiar with both topics used in our study. One 
of the experts also worked as a journalist for more than fve years. 
To generate credibility and quality perception scores, both were 
given the original links to the news articles and asked to rate the 
RQ1 questions7. They were also allowed to do any outside research 
they wished. After rating their perceptions, we provided the article 
pairs in a Google Drawings board and asked them to add annota-
tions, much like the process from our think-aloud interviews. After 
adding annotations independently, the expert annotators met with 
each other to resolve any conficts. Through this method, we built 
consensus around our gold standard annotations. 

7This task was performed before generating annotations. We did not ask them to work 
within the comparative interface, with the assumption that they would rate the articles 
accurately irrespective of any comparison. 

5 RESULTS 
To answer both research questions, we compared users’ annotation 
and perception responses against the expert-produced gold stan-
dards. For this purpose, we performed a series of analyses involving 
mean testing, analysis of variance, and regression. For free-form 
text responses (specifcally, the annotation rationales), three au-
thors performed thematic coding (see supplemental document for 
data and codes). Below, we outline the results. 

5.1 RQ1: How well do users perform 
comparative annotation? 

5.1.1 Performance on Connection-Making. Figure 5 shows the dis-
tribution of total connections users made, correct connections made, 
their recall, and precision relative to the gold standard. The median 
number of connections between articles fell below the gold standard 
for both article pairs, as shown in Figure 5(a). Between the two arti-
cle topics (immigration and abortion), users on average made more 
connections—correct or otherwise—between the abortion articles 
(the low-contrast article pair). Furthermore, users’ precision was 
signifcantly better on the abortion articles than on the immigration 
articles (Mann-Whitney U = 136.5, p < 0.001). However, we did not 
fnd any signifcant diference in recall. 

5.1.2 Performance on Importance Detection. Figure 6 shows the 
distribution of total importance annotations users made, correct 
importance annotations, recall, and precision relative to the gold 
standard. As shown in Figure 6(a), the median number of impor-
tance annotations was consistently above the gold standard. Be-
tween the two article pairs, users on average annotated more items 
as important—correctly or otherwise—in the immigration articles 
(the high-contrast article pair). Though users’ recall was high due 
to the large numbers of importance annotations added, their preci-
sion was low, with the median per article being less than or equal 
to 0.25. Comparatively, for connection-making annotation task, 
users’ median precision and recall are higher than these median 
for importance annotations. 

5.1.3 Annotation Agreement. Next, we examined how users agreed 
on annotations among themselves by plotting the count of users an-
notating each item. Figure 7 shows the distribution of this analysis. 
Here, we diferentiated between agreement on correct and incor-
rect annotations. For the connection-making task (Figure 7(a)), we 
found that the annotation count for correct items was signifcantly 
higher than the count for incorrect items (Mann-Whitney U = 517.0, 
p < 0.01). However, for importance detection (Figure 7(b)), the cor-
responding counts did not difer signifcantly. Furthermore, we also 
observed some outliers (high agreement in some annotations) in 
the connection-making annotation task not made by the experts. 
In Figures 7(c) and (d), we examine how annotation performance 
changes by fltering annotations by the number of concurring users. 
Overall, a threshold of fve users produces the highest F1 score 
(55%) for the connection task, while peak performance (41%) occurs 
at a threshold of six users for the importance detection task. 

5.1.4 Efect of News Expertise. We investigated whether levels of 
news expertise afect users’ annotation performance with News-
Comp by performing Mann-Whitney U tests on precision and recall 
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Figure 4: Graphs showing the distribution of participant demographics across the treatment and control groups. 
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annotation. 
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Figure 6: Distribution of importance detection by users. White and red dots respectively represent the average and experts’ 
annotation. 

scores (for connection-making and importance detection). Figure 8 
shows the distribution of those scores divided by two news exper-
tise criteria, Current Event Knowledge (CEK) and Value of Media 
Literacy (VML) perception. Here, only for recall scores on the im-
portance detection task (Figure 8 (c)), we found signifcant difer-
ences in values between low and high CEK (Mann-Whitney U = 
810.5, � < 0.05). None of the other tests detected a statistically 
signifcant diference. Furthermore, we modeled these variables 
against user characteristics with a series of linear models (M1–M4 
in Table 4 in Appendix C). These models were similarly signifcant 

(� = 0.35, � < 0.01 in M1). However, since the model efect sizes (�2) 
are low (0.10), there may be confounding variables not accounted˜ 
for in these models afecting the outcome. It is therefore difcult to 
make any strong claims in this regard, and we instead leave this to 
future experiments. 

5.1.5 Reasons behind the Annotations. Three of the authors the-
matically coded the rationales provided by the participants during 
annotation. Each author performed initial coding and discussed the 
results with the others to agree upon a code book. Then, the frst 
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Figure 8: Distribution of recall and precision for connection-making and importance detection divided into low/high CEK 
users (top), and low/high VML users (bottom). 

author coded the responses accordingly and the others checked the 
fnal codes. Participants annotated 250 connections and 305 impor-
tant statements. Table 2 shows the coding scheme we developed 
for each annotation task with sample responses matching the code. 
There are six codes for connection-making and fve codes for impor-
tance detection (including one in each for empty responses). Here, 
the codes in the connection-making task ofer potential answers to 
the 5W1H questions (Who, What, Where, When, Why, and How). 
For example, the code “Person” answers the who aspect of the event, 
while the code “Information” answers a combination of what, why, 
and how questions. For importance detection, users sometimes 

claimed that a statement was important without explaining the 
reason for this assessment. In other cases, users mentioned that a 
statement was important because it clarifed or elaborated on exist-
ing statements, or because it provided an account from a missing 
perspective. Figure 9 shows the count of each rationale in terms of 
the developed codes, divided into correct and incorrect annotations. 
For connection-making (Figure 9(a)), we found that a majority of 
users identifed similarities when the same information was pre-
sented in both articles, followed by mentions of the same person. 
For importance detection(Figure 9(b)), many responses were coded 
into the clarifcation and elaboration categories, followed by the 
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Code 
Empty (20%) 
Person (19%) 

Location (1%) 

Date (2%) Connection 

Quote (9%) 

Information (48%) 

Empty (29%) 
Important (15%) 

Clarifcation (43%) 
Importance 

Missing (8%) 

Factual (4%) 

Defnition Example Response 
Empty or N/A response 
Mentions that both statements refer to one or more persons 
involved in an event (not including quotes) 
Mentions that both statements refer to the same location where 
an event occurred 
Mentions that both statements refer to a single date when an 
event occurred or will occur 
Mentions that both statements reference either the same quote 
or diferent quotes from the same person 
Mentions that both statements contain the same information 
describing the what, why, or how of the event 
Empty or N/A response 
Mentions that a statement is important without providing a 
reason 
Mentions that a statement clarifes or elaborates on other state-
ments 
Mentions that a statement presents a perspective missing from 
the other article 
Mentions that a statement is factual and not an opinion 

They are similar because they both mention the owners 
of the truck 
This excerpt shows where the truck was found and both 
gave an identical location ... 
Both statements note that the ban will take efect on Au-
gust 25th 
They are similar because both highlight a quote from 
Becerra (HHS Secretary) insisting ... 
Similar because [both] discuss Medical Treatment and 
Labor Act 

[because it is an] important part of the news 

The statement in the other article from Becerra (HHS 
Secretary) is confusing. 
No statement from Lawrence in the other article 

Facts here. It isn’t opinion being interjected into a news 
story. 

Table 2: Coding scheme for annotation rationales. 

empty response category. Figure 9 suggests that the rationales are 
not distributed proportionally for correct and incorrect annotations. 
Notably, users appear more likely to make errors in certain cases. 
For example, for importance detection (Figure 9(b)), the ratio of 
correct and incorrect “important” annotations shows that these 
annotations are more likely to be mistaken than others. Although 
we performed regression on the codes to diferentiate correct and 
incorrect annotations, the model efect sizes were very low for both 
models (�2 < 0.05). 

Since diferentiating correct and incorrect annotations by codes 
did not work well, we ft two models to predict incorrect annotations 
(false positives) for both the connection-making and importance 
detection tasks using the top 50 TF-IDF 8 text features from users’ 
responses on the rationals. Figure 10 shows the text features with 
signifcance for this analysis. Examining the words with signifcant 
coefcients, we can see that some words are generic (e.g., “quote”, 
“similar”, “context”), while others are article-specifc (e.g., “Garland” 
(the current attorney general), “lawsuit”, “smuggling”). These dif-
ferences suggest that such generic words in rationales can be used 
across articles to diferentiate false positives from true positives, 
while specifc words may not be usable. We discuss these results 
further in section 6.1. 

5.1.6 Comparative Perception between Article Pairs. After the an-
notation task, in addition to asking about credibility and quality 
perception, we asked users what they noticed when comparing 
the two articles (“Comparing the two articles, what else did you 
notice about how each portrayed the issue?”). Analyzing the re-
sponses, we found fve themes, summarized in Table 3. Notably, 
more than one fourth of the participants remarked on informa-
tional placement or depth (16/62), perspectives and biases (22/62) 

8TF-IDF stands for term frequency–inverse document frequency, a statistic represent-
ing how important a word is to a document in a collection of documents 

and factuality/opinions (16/22). Some also noticed empathetic news 
reporting (5/62) and the use of infammatory language (3/62). 

5.1.7 Perception of the Tool. Apart from the task-specifc questions, 
we also asked annotators about their perceptions of the NewsComp 
tool. Overall, perceptions of the tool were split among positive 
(28/62), neutral (21/62), and negative (15/62) sentiment. The reasons 
behind negative sentiment included the lengthy nature of the task 
(3/15), difculty in performing annotation (8/15), and confusion 
regarding the instructions (4/15). While it may have been hard 
in the beginning, users quickly learned how to use the tool (“It 
was a bit confusing to learn how to use the tool, but it was easy to 
use once I played around with it.” - U1). Improvements to the tool 
design could potentially address these issues. For instance, during 
connection-making, a search tool could assist users with fnding 
similar statements quickly. Users also suggested improvements such 
as allowing them to set the weight of the connected lines, change 
the colors of lines, and see how others annotated a statement. 

5.2 RQ2: How does comparative news 
annotation afect users’ perceptions of 
credibility and news quality? 

To answer this question, we performed a two-way ANOVA on the 
response variables, credibility scores, and quality scores. To calcu-
late each score, we frst summed item scores for the questionnaire 
on each score (credibility and quality) and standardized them on a 
[0, 1] interval. Then, we performed the two-way ANOVA on the 
group and article interaction. Figure 11 shows the result of this 
analysis. We did not fnd any signifcant diference in quality per-
ceptions. We also performed a one-sample t-test on users’ quality 
perception responses against those of the experts. Though we did 
fnd some similarity for the abortion articles (Figure 11(b)), in the 
case of the immigration articles (11(a)); that is, the high-contrast 
pair, the diference between the users’ and experts’ ratings was 
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Figure 10: False positive detection with OLS using the top 50 TF-IDF words in users’ responses. Here, we listed only words 
with signifcant coefcients. For example, when users’ mentioned “quote” in a rationale, the annotation was less likely to be 
erroneous. On the other hand, when users mentioned the general nature of the event (“lawsuit” in this example), the annotation 
was more likely to be erroneous. The model efect sizes (�2) were 0.34 and 0.22, respectively. 
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Figure 11: Interaction efects of groups and articles. We only found a marginal interaction efect (p=0.052) for credibility score 
on articles regarding immigration (c). 

Theme(n) Example Response 
Perspectives and Biases (22) They were taking diferent sides of the equation and putting forward diferent thought processes 
Information Placement or Depth The right article was less descriptive and focused more on the restrictions and not the case. It 
(14) was defnitely telling the story from one point of view. The article on the left was very informative 

and unbiased 
Factuality or Opinions (16) Article B provided responses from the Idaho government, whereas Article A did not include 

commentary from Idaho, but instead from Texas which did not seem relevant 
Empathetic Reporting (5) There were more humane aspect in the article on the left 
Infammatory Language (3) Article B seemed to be making the issue out to be more controversial by going back and forth 

between perspectives more frequently 
Table 3: Themes in users’ responses to a question asking what they noticed about the two articles overall. Note that while an 
example response may belong to multiple themes, only the portion relevant to the listed theme is presented in bold. 
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signifcant. This result suggests that neither group performed well 
on the quality question, especially for the high-contrast article pair. 

Next, we analyzed the interaction of credibility with the articles. 
In Figure 11(c), our analysis found that the interaction between 
the experimental group and the article is marginally signifcant 
for the articles on immigration with a close to moderate efect 
size (F(1) = 3.83, p = 0.052, Cohen’s f = 0.22). We did not fnd any 
signifcant efect for articles on abortion. Note that when we ft 
a mixed-efects regression model on the same data additionally 
considering repeated measure, we found signifcant interaction 
efects on the high-contrast articles (see Appendix D). Moreover, 
when we look at the articles on abortion, despite the experts not 
performing comparative annotation, their perceptions of one article 
(from a left-leaning source) were signifcantly lower than those of 
the other (from a right-leaning source). During our discussion, we 
found that experts used certain criteria to arrive at this assessment 9. 
On the other hand, the comparative annotation task may have 
given users the impression that both articles are highly similar 
(leading to similar ratings) and discouraged them from examining 
other diferences too closely. This result suggests that there is room 
for improvement in task designs for comparative annotation. We 
discuss further implications in section 6.2. 

6 DISCUSSION 
Through our experiment, we found that users generally perform 
poorly in annotation tasks for fnding similar statements and iden-
tifying important statements among statements with no similarity 
between two news articles. However, they have better precision in 
fnding similarities than in identifying important statements. We 
found that when a high number of users fnd two statements similar, 
such annotations have a high chance of coinciding with experts’ 
annotations. Furthermore, we found that users with low current 
event knowledge may perform better annotations. Analyzing users’ 
rationales behind the annotations, we found several reasons for 
fnding similarities (e.g., mentions of the same person or informa-
tion) and identifying important statements among statements with 
no similarity (e.g., statements clarifying something or providing 
a missing perspective). Furthermore, we found that certain words 
have signifcant power in diferentiating false and true positives. 
After annotation, users also mentioned noticing diferences in how 
article pairs represented things, such as perspectives, information 
placement, information depth, and facts/opinions. In RQ2, we found 
that annotation tasks may have limited efects on users’ percep-
tion of news credibility for high-contrast news articles. Below, we 
discuss the implications of these results. 

6.1 RQ1: Annotation Performance 
Our results indicate that although users perform poorly in general, 
their performance varies across annotation task types and article 
pairs, depending on the degree of contrast between the articles in 
the pair. Compared to the experts, average users seem to fnd fewer 
connections and consider more statements worthy of inclusion 

9These articles talk about the DOJ’s challenge against an abortion restriction law in 
Idaho. Here, the experts mentioned that the article from the left-leaning source did not 
mention an opposing perspective, such as that of Idaho’s government. Note, however, 
that the article did cite the state attorney general of Texas, who supports abortion 
restrictions. 

in the other article in a pair. This diference shows how experts 
and users difer when reading two news articles. This diference 
could stem from analytical capabilities; that is, perhaps fnding sim-
ilarities and diferences is a task that requires particular expertise 
relating to news. Or, perhaps low knowledge users are more atten-
tive to the articles. Another reason behind the diference could be 
users’ preconceived biases regarding the media in general [36]. Such 
perceptions may have infuenced users to see fewer connections 
and more diferences. Therefore, one direction for future research 
may be to examine the rationales behind identifed diferences by 
varying the task complexity and user characteristics. For example, 
we can ask readers to perform small subtasks, such as identifying 
sources or labeling word choices [29] to test if these infuence their 
perceptions of bias. 

Another noteworthy aspect here is that our participant group 
came from Facebook advertising, not from platforms like Ama-
zon Mechanical Turk or Upwork typically used for crowdsourcing. 
This suggests that users outside of crowd work platforms can also 
perform efectively on crowdsourced tasks. In the future, research 
could look into how well workers from crowdsourcing platforms 
and other sources compare in terms of performance. 

Our result indicates that crowd annotation in subjective tasks is 
to a little extent afected by users’ backgrounds—in our case, their 
news expertise, aligning with prior works [22, 33, 64]. Therefore, we 
can train users using their news expertise as a targeting criterion. 
Since user performance also varies by task, helping users improve 
quality on a particular task area might also help. Furthermore, 
designers can support users in annotation tasks through various 
interventions. For example, since our TF-IDF models identifed 
some generic words that can distinguish false positives, such data 
could also be used to provide users with feedback or warnings to 
improve annotation quality. 

We also discovered the efects of comparative annotation on 
users’ overall impressions, leading to diferences in perceptions of 
viewpoints, information attributes (placement, depth, and factual-
ity/opinion), and emotional attributes (empathetic vs. infammatory 
language). These diferences could impact users’ attitudes towards 
an article. For example, between informational and emotional at-
tributes, understanding which diferences impact perceptions of 
trustworthiness could be one future avenue of work. 

To improve users’ performance, one option could be through 
collaboration—learning from each other through social annota-
tion [32]. Indeed, prior research shows that when people see others’ 
annotations, it can persuade them to take certain actions, such as 
changing ratings when faced with opposing social opinions [18]. 
Furthermore, research suggests that displaying social information 
about the annotator, such as their level of expertise, can persuade 
and build trust [28]. Incorporating social information on other anno-
tators during collaboration may improve learning. In a collaborative 
environment, we still need to handle annotator bias, since bias from 
a small group of users could propagate to a larger pool of users 
and cause unexpected efects. Therefore, examining such collabora-
tive annotations and their impact on user performance is another 
potential direction of research. 
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6.2 RQ2: The Efect of Engaging through 
Annotation 

While it may not be true in all cases, our results indicate that in 
cases where there is signifcant contrast between a pair of news 
articles, users might be somewhat infuenced by comparative anno-
tation tasks. Our work can inform related future works on improv-
ing engagement with plural viewpoints through annotations [82]. 
Compared to works that show visualizing biases alone does not 
improve perception of bias [68], our work suggests that additional 
engagement could be helpful. The efect we see may stem from com-
plex information processing that occurs when users engage with 
competing messages [8]. Since our result did not reveal any uni-
versally signifcant efect, it does point towards the idea that only 
certain perceptions are afected. Therefore, one direction for future 
research could include looking into diferent perception paradigms 
to further identify the limits of such efects. 

Even though we found limited efects on perceptions of credibil-
ity, this does not necessarily limit the applicability of comparative 
annotation. As we saw in section 5.1.6, a user’s understanding of 
the diferences between articles could have other impacts. Besides, 
repeatedly annotating two sources can create certain impressions 
in the long run. For example, seeing repeated diferences in the 
use of factual statements or depth in reporting could afect users’ 
perceptions of credibility. Furthermore, we can ask whether crowd-
workers from such platforms as Mechanical Turk would also remain 
unafected by the annotation task. In any case, NewsComp could 
be purposefully deployed to crowdworkers while also providing 
general users the option to perform annotation. In such a case, users 
desiring more ways to engage and community fact-checkers might 
be more attracted to it. Regardless, there are further uses for the 
annotated data. 

6.3 Applications of Annotated Data 
Our annotated data could be used in various ways. For instance, 
it could be incorporated into a system that combines information 
from multiple sources to provide a holistic view of an event. It is 
not uncommon in online spaces for information overload to make 
it harder for people to efciently consume information [1, 25]. A 
holistic view could particularly be useful to users in such a scenario, 
especially for sensemaking purposes [80, 81]. Such a system would 
mimic strategies humans typically employ to consume information 
efciently, such as organizing information by tagging, sorting, and 
indexing [12]. We could further build upon this by introducing 
mechanisms for peer-curated information [63] A second potential 
use of the annotated data would be in training algorithmic models 
to generate better annotations, which could in turn be used to better 
curate information for readers. As we saw in our initial think-aloud 
interviews, people fnd the accuracy of existing SOTA ML systems 
insufcient for fnding semantic similarities and diferences. The 
annotated data could help to improve such algorithms. A third use 
of the data is for fact-checkers. Fact-checkers can use annotated 
information to validate claims through the use of linked statements 
from multiple sources. They can also use such links to trace the 
origins of statements. Perhaps a portion of these fact-checking tasks 

could be delegated to automatic fact-checking algorithms. Further-
more, even crowd fact-checkers (e.g., from Twitter’s BirdWatch) 
could use the annotated data to validate claims. 

6.4 Merging Articles Into One and Testing 
Efects 

One of the goals of this research on comparative annotation was to 
combine diverse perspectives into one. With our annotated data, 
crowd tasks can be designed to accomplish such merging of perspec-
tives. However, there are some considerations for task design in this 
process. Take similar statements as an example—if two statements 
are very similar, a task could ask workers to choose one or the other. 
On the other hand, if selecting one statement necessarily results 
in the omission of important information from the other, then the 
crowd task may also require editing. In the case of merging impor-
tant disparate statements, as noted in our think-aloud interviews, 
one important consideration is checking whether a statement fts 
the narrative of the current article. We can either include this crite-
ria or discard it, which would lead to diferences in the outcome, (i.e, 
the merged article). Taking a step further, this merging process can 
be extended from article pairs to larger groups of articles. Merging 
larger groups of articles would require a multistep selection, voting, 
and reconciliation process. Finally, while we found that the efect of 
annotation on perception was limited, could merged articles afect 
users’ perceptions of an event diferently than articles from a single 
source? Future research answering such a question would generate 
new knowledge regarding the utility of comparative annotation. 

6.5 Implications for Comparative Annotation 
Task Design 

Motivated by users’ perceptions of NewsComp, we identifed two 
major issues in the comparative annotation task: the lengthy nature 
of the task and difculty in performing the task. Since one of our 
research questions focused on the impact of performing annotation, 
our experiment was designed so that users performed a complete 
annotation task on two articles before responding to the questions. 
If the annotation impact is not of interest, both of these issues can 
be resolved. First, we can modularize the tasks by breaking them 
into small pieces (e.g., making connections between two paragraphs 
instead of two entire articles), in line with prior research on de-
vising microtasks for complex work [41, 42]. However, could such 
modularization cause a backfre efect? For example, if an annota-
tor is assigned two dissimilar paragraphs from a pair of broadly 
very similar articles, could that skew their perception? This is one 
potential consideration for designing small, modular tasks. 

Second, even if the task is not divided into smaller components, 
there are other options for improvement. For instance, fnding 
similarities can be made easier through the addition of such features 
as automatic suggestion and fltering. Here, algorithms can provide 
automatic suggestions and users can search by keyword to limit 
the options to choose from. 

Third, tasks can be divided for co-annotation to reduce difculty. 
For example, one annotator might suggest connections while an-
other annotator votes on the suggestions. In addition, as a tutorial, 
displaying example annotations from other users could also help 
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resolve some concerns. However, the examples need to be generic 
enough not to signifcantly impact users’ own future annotations. 

Fourth, apart from issues related to task difculty, there is an-
other issue that will need attention in the future. In the think-aloud 
interviews and the deployment of NewsComp, we discovered some 
disconnects in the rationales provided for annotations. Particularly, 
for connection-making, we did not see use of thematic similarity 
during deployment. Perhaps regular users may need nudges to 
identify high-level thematic similarity. Overall, there are ample 
opportunities for improving the tasks in NewsComp. 

6.6 Limitations 
Our work is not without limitations. First, our study was conducted 
in a controlled environment which may difer from that of a user’s 
typical news reading sessions. Therefore, some of the observed 
efects could have been products of the environment. However, 
we emulated a typical news consumption environment as best 
we could, from content selection to the design of the interface. 
Therefore, our results ofer some validity that future works can 
build on. Second, since our study procedure involved signing up 
for the study and voluntary completion criteria, some self-selection 
bias exists, similar to other research in this domain. However, we did 
advertise on Facebook to fnd users organically instead of recruiting 
users from crowd survey platforms, which provided some benefts 
to the selection process. Third, we conducted the study within a 
US-centric context, limiting its generalizability. Future research 
could resolve such issues by conducting similar research with a 
larger country pool. Finally, the task in the study was a bit lengthy 
( 20 min) relative to tasks that crowd workers typically perform. 
Though the articles in the study were not excessively long (11-16 
sentences), this could still have afected task quality. Future work 
can further examine how performance varies by task complexity. 
Overall, our work has certain merits that require further exploration 
in the future. 

7 CONCLUSION 
In this work, we examined how well users perform on a comparative 
news annotation task featuring a pair of news articles, and how the 
annotation task afects users’ perceptions of the articles. Comparing 
our users’ annotations against those of experts, we found that users 
generally performed very poorly on the annotation task. However, 
certain information, such as the number of users who made a given 
annotation and users’ rationales behind annotations, can be used to 
detect incorrect annotations. Furthermore, we found some marginal 
changes in users’ credibility perceptions for certain news articles 
after completing the annotation process. Our work has implications 
for designing future comparative annotation systems. 
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(Intercept) 
CEK[Low] 
VML[Low] 

���� =62 

Imp. Recall (M1) 
� std. err. 
0.32*** 0.08 
0.35** 0.13 
0.18 0.12 

�2=0.12 

Imp. Precision (M2) 
� std. err. 
0.21*** 0.04 
0.05 0.07 
-0.02 0.06 

�2=0.01 

Conn. Recall(M3) Conn. Precision(M4) 
� std. err. � std. err. 
0.34*** 0.05 0.37*** 0.05 
0.07 0.06 0.02 0.07 
-0.04 0.06 0.02 0.07 

�2=0.04 �2=0.19 
*p<0.05, **p<0.01, ***p<0.001 

Table 4: Linear models of recall and precision for connection-making and importance detection with user characteristics as 
predictors. 

����  ����  
� std. err. � std. err. 

(Intercept) 0.67*** 0.05 0.65*** 0.05 
Group[Treat.] 0.01 0.07 0.11 0.07 
Article[Abortion(R)] 0.04 0.07 0.01 0.07 
Article[Immigration(L)] 0.03 0.07 0.11 0.07 
Article[Immigration(R)] -0.01 0.05 0.04 0.05 
Group [Treat.] * Article[Abortion(R)] -0.07 0.09 -0.17* 0.08 
Group [Treat.] * [Immigration(L)] 0.00 0.09 -0.18 0.09 
Group [Treat.] * Article[Immigration(R)] 0.02 0.08 -0.12 0.08 

�2 = 0.43 �2 = 0.48 
����� = 109, �������� = 4, ���� = 218 *p<0.05, **p<0.01, ***p<0.001 

(M5) (M6)

Table 5: Mixed-efects regression on quality and credibility score using the interaction of experimental condition and articles. 

A THINKALOUD INTERVIEWS 
QUESTIONNAIRES 
• What are the viewpoints expressed in each article? How 

would you compare the viewpoints between the articles? 
• How would you compare the numbers of actors reported in 

each article? 
• How would you compare each article providing complete 

information about what happened/where/when/who was 
involved? 

• How would you compare the analytical quality in each arti-
cle? Do they provide information on causes, consequences, 
evaluations and claims of/from the event? 

• How transparent are the authors for each article about their 
sources (e.g,name, function, circumstances of quote)? 

• How would you compare the comprehensibility of the article 
pair (e.g., simplicity in terms/phasing, conciseness, coher-
ence)? 

• How would you compare impartiality in content presenta-
tion between the articles (balanced viewpoints and actors, 
article 

• author personally evaluating/judging the reported situa-
tion)? 

• How would you compare ethical standards (e.g., discrimi-
nating any party involved, neutral phrasing) between the 
reports? 

• Whose perspective this article represents more than others? 
Is there any particular group/party/side that the article focus 
to represent compared to the other article? 

B ARTICLES USED IN THE DEPLOYMENT 
• �1�: Immigration (Left) 
• �1�: Immigration (Right) 
• �2�: Abortion (Left) 
• �2�: Abortion (Right) 

C EFFECT OF USER CHARACTERISTICS 
We modeled user characteristics to predict precision and recall in 
annotation tasks, shown in table 4. We accounted for several fac-
tors in these models, including users’ demographic characteristics 
(age, gender, education, and political afliation) and news expertise 
metrics (CEK and VML). 

D RQ2: MIXED-EFFECTS MODELS 
Besides ANOVA, we also performed a series of mixed-efects re-
gression model on users’ quality and credibility perception using 
experimental variables, in Table 5. Similar to ANOVA results, we 
found signifcant interaction efect on credibility only for high 
contrast article. 

https://web.archive.org/web/20220629151141/https://www.thedailybeast.com/san-antonio-texas-human-smuggling-tragedy-sees-three-arrests
https://web.archive.org/web/20220629225210/https://www.foxnews.com/us/texas-tractor-trailer-driver-smuggling-migrants-arrested-very-high-meth
https://web.archive.org/web/20220802191541/https://www.usatoday.com/story/news/politics/2022/08/02/doj-challenges-idaho-abortion-law/10215951002/
https://web.archive.org/web/20220907150710/https://www.foxnews.com/politics/idaho-abortion-ban-challenged-justice-department
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