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Abstract

The rise of misinformation and opinionated ar-
ticles has made understanding how misleading
or biased content influences readers an increas-
ingly important problem. While most prior
work focuses on detecting misinformation or
deceptive language in real time, far less atten-
tion has been paid to how such content is per-
ceived by readers, which is an essential compo-
nent of misinformation’s effectiveness. In this
study, we examine whether highlighting sub-
jective sentences in news articles affects per-
ceived trustworthiness. Using a controlled user
experiment and 1,334 article–participant rat-
ings, we find that highlighting subjective con-
tent produces a modest yet statistically signifi-
cant decrease in trust, with substantial variation
across articles and participants. To explain this
variation, we model trust change after high-
lighting subjective language as a function of
article-level linguistic features and reader-level
attitudes. Our findings suggest that readers’ re-
actions to highlighted subjective language are
driven primarily by characteristics of the text
itself, and that making subjective language ex-
plicit plays a role in shaping perceived trust-
worthiness.

1 Introduction

Trust in media has reached an unprecedented low,1

even as the internet enables news to circulate with
unprecedented speed and reach. This combination
has created fertile ground for misinformation and
disinformation, which continue to produce serious
societal and public health consequences (Vosoughi
et al., 2018; Vasist et al., 2024; Ruohonen, 2024).
The impact of misleading content is especially pro-
nounced when individuals find it believable.

Believability is closely tied to perceptions of
trust, including trust in the author, the outlet, or the

1https://news.gallup.com/poll/403166/
americans-trust-media-remains-near-record-low.
aspx

narrative being presented. Prior work shows that
readers often rely on textual cues to assess whether
an article appears balanced, fair, or biased, and
these trust judgments strongly shape whether they
accept or reject the information (Rodrigo-Ginés
et al., 2024; Gabriel et al., 2022).

Understanding how people respond to news as
they encounter it is therefore a critical (Gabriel
et al., 2022) and understudied challenge. Read-
ers do not process all information uniformly: the
same article may elicit skepticism, acceptance, or
indifference depending on how it is framed and
perceived. Capturing these responses has practical
implications for how media platforms allocate fact-
checking resources, prioritize interventions, and
curate content for different audiences. In particu-
lar, expending effort on content that readers easily
dismiss as untrustworthy may be less effective than
addressing cases where subtle linguistic cues shape
perceptions of credibility and persuasion (Babaei
et al., 2021).

While much prior work has focused on
computational approaches for identifying fake
news or manipulative content, including propa-
ganda (Sprenkamp et al., 2023; Sharma et al.,
2025), deception (Velutharambath et al., 2024;
Rani et al., 2025), and misleading claims in
text (Pérez-Rosas et al., 2018; Volkova and Jang,
2018), these approaches largely operate indepen-
dently of how content is perceived by readers. Yet,
as trust judgments are formed during reading an
article, understanding which linguistic signals in-
fluence these perceptions is critical for explaining
why certain content appears credible or persuasive
in the first place.

A central factor in these judgments is subjective
language, which refers to the presence of opinions,
attitudes, or emotionally charged language in the
text (Wiebe et al., 2004). Subjective writing may
signal author bias, but readers do not always no-
tice such cues on their own. This creates an impor-
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tant intersection between misinformation, trust, and
subjectivity, as subjective framing can increase the
persuasive power of content even when the under-
lying claim is unsupported, provided that readers
interpret it as trustworthy.

In this study, we focus not on determining
whether news is factually accurate, but on under-
standing how readers perceive the trustworthiness
of the text they encounter. While detecting sub-
jectivity has been extensively studied in the lit-
erature (Wiebe et al., 2004; Antici et al., 2024;
Shokri et al., 2024; Elbouanani et al., 2025), far
less is known about how making subjectivity ex-
plicit affects readers’ trust judgments. We address
this gap by investigating whether explicitly high-
lighting subjective language alters perceived trust-
worthiness. Specifically, we conduct a controlled
within-subjects human study in which subjective
sentences in news articles are highlighted and com-
pare participants’ trust ratings before and after this
intervention. Through quantitative analysis of the
responses, we examine the extent to which sub-
jectivity influences trust perceptions and identify
the conditions under which a simple transparency
cue can meaningfully affect readers’ evaluations of
news content.

2 Related Work

Trust in media has primarily been studied through
qualitative approaches, such as interviews and sur-
veys examining how audiences form trust and mis-
trust in news outlets (Tong, 2024; Garusi and Splen-
dore, 2023; Wenzel et al., 2018). In the psychology
literature, trust is commonly defined as a belief
in the competence, benevolence, honesty, or pre-
dictability of another party, coupled with a will-
ingness to rely on them despite uncertainty or risk
(Mayer et al., 1995; McKnight et al., 1998). In the
context of online settings and digital media, trust
is often defined with respect to the perceived reli-
ability and credibility of information sources and
the technology platforms that mediate them. In
particular, trust in online news involves not only
evaluations of content quality, but also judgments
about the integrity of the platform, the authenticity
of content producers, and the transparency of infor-
mation flows (Heuer and Breiter, 2018; Kolo et al.,
2022; Lee and Lee, 2023; Cha, 2024).

Relatedly, misinformation and fake news de-
tection have received substantial attention in the
NLP community, with recent work focused on

large language models as part of the solution (Ma
et al., 2024; Han et al., 2025; Tong et al., 2025;
Modzelewski et al., 2025). Earlier approaches ex-
amined linguistic differences between legitimate
and deceptive news using supervised learning and
crowd-sourced datasets (Pérez-Rosas et al., 2018;
Rubin et al., 2016). Other methods incorporate
fact-checking signals or metadata, such as speaker
identity or political affiliation, to improve detection
of deceptive or hyper-partisan content (Potthast
et al., 2018; Wang, 2017; Long et al., 2017). While
these efforts have significantly advanced computa-
tional techniques for identifying misinformation,
they largely frame the problem as a classification
task, offering limited insight into how linguistic
cues are perceived by readers or how they shape
trust judgments during consumption.

Only a limited number of computational studies
have explicitly examined how readers form trust
judgments about news, rather than focusing primar-
ily on factual accuracy. In a recent study, Bohacek
et al. (2023) introduces a dataset of Czech news arti-
cles annotated by humans into four trustworthiness
categories: trustworthy, partially trustworthy, mis-
leading, and manipulative. The authors fine-tune a
range of transformer-based models on this dataset
and report that RoBERTa (Liu et al., 2019) achieves
the strongest performance, while overall results in-
dicate substantial room for improvement. In a more
reader-focused study, Gabriel et al. (2022) model
how readers interpret news headlines, including
reactions such as distrust and perceived reliabil-
ity. A key component of their framework is the
perceived label, which captures whether readers
interpret a headline as real news or misinforma-
tion. Through a controlled user study, the authors
show that machine-generated explanations such as
inferred writer intent can influence readers’ trust
judgments. In particular, these explanations were
found to increase trust in real news and decrease
trust in misinformation, with significant correla-
tions observed between gold labels and shifts in
perceived trustworthiness for certain models.

In contrast to these approaches, we focus on
how a specific and interpretable linguistic signal,
namely subjectivity, influences perceived trustwor-
thiness during reading. Rather than predicting trust
labels or generating explanations, we study the
causal effect of highlighting subjective sentences
on readers’ trust judgments through a controlled
human-subjects experiment.
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3 Dataset and Survey

This section describes the datasets used in our study,
along with the data collection process, preprocess-
ing steps, and the design of the human-subjects
survey.

3.1 Article Selection and Preparation

We draw news articles from the CoAID dataset (Cui
and Lee, 2020), a widely used benchmark for
misinformation research that aggregates COVID-
19–related content from both reliable news outlets
and fact-checking sources. All articles used in this
study are written in English. The dataset includes
true articles collected from cross-verified authorita-
tive outlets, as well as false or misleading articles
identified through professional fact-checking orga-
nizations.

From the set of true articles, we randomly sam-
pled 100 news articles related to COVID-19 vacci-
nation in the United States. To ensure that articles
contained a sufficient amount of subjective lan-
guage for our intervention, we applied a finetuned
RoBERTa-based (Liu et al., 2019) subjectivity clas-
sification model to each article and computed the
proportion of sentences classified as subjective. We
retained articles with a subjectivity ratio greater
than 10%, resulting in a final set of 26 articles. De-
tails of the finetuned model and threshold selection
are provided in Appendix A.1.

To isolate the effect of textual content on trust-
worthiness perception, we presented articles in
plain text format, removing potentially confound-
ing factors such as author information, news outlet
name, images, and advertisements. For each article,
we created two versions: an original version and a
highlighted version in which sentences annotated
as subjective were visually marked using a yellow
highlight.

3.2 Annotating Subjective Sentences

To reduce noise from automatic classification and
ensure high-quality sentence-level labels, we man-
ually annotated the filtered articles for subjective
language. Three members of the research team
independently annotated each sentence in the se-
lected articles as either subjective or objective. Dur-
ing this process, annotators did not consistently
agree that some articles contained any subjective
sentences, and these articles were excluded. As
a result, the final set was reduced from 26 to 17
articles. Inter-annotator agreement was assessed us-

ing Krippendorff’s α (Krippendorff, 2018), which
accounts for chance agreement among multiple an-
notators. The resulting Krippendorff’s α agreement
score was 0.73, indicating acceptable agreement.
Final sentence labels were determined via majority
vote among the three annotators.

3.3 Participant Recruitment

We recruited 150 participants through Prolific,2 an
online crowdsourcing platform. Eligibility crite-
ria required participants to be: (1) native English
speakers, (2) born in the United States, and (3)
between 18 and 65 years of age. These criteria
ensured participants had relevant cultural context
for evaluating articles about U.S. COVID-19 policy
and healthcare issues.

3.4 Survey Procedure

The survey consisted of three phases. First, partic-
ipants answered a screening question about their
stance on vaccines as a public health measure, with
response options ranging from “Strongly Support-
ive” to “Strongly Opposed.” This question captured
participants’ prior beliefs, which could influence
their perceptions of article trustworthiness. Second,
participants were provided with a definition of trust
for the study:

Trust Definition

For this task, trust refers to how fair and
unbiased you believe the author is in pre-
senting the information.

Third, participants evaluated 10 randomly se-
lected articles from the pool of 17. We employed
a within-subjects design with counterbalanced pre-
sentation order: for each participant, 5 randomly se-
lected articles were presented in original-first order
(original version rated, then highlighted version),
while the remaining 5 articles were presented in
highlighted-first order (highlighted version rated,
then original version). All ratings used a 4-point
scale (1 = no trust, 2 = somewhat untrustworthy, 3
= somewhat trustworthy, 4 = fully trustworthy).

3.5 Data Quality Control

To ensure data quality, we implemented attention
checks and excluded responses from participants
who completed the survey in less than 6 minutes,
which represented the bottom 5% of completion

2https://www.prolific.com
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times. This threshold was established to filter out
participants who may not have carefully read the ar-
ticles. After applying this criterion, our final dataset
consisted of 136 participants and 1334 paired arti-
cle ratings.

4 Survey Results

This section examines the relationship between
highlighting subjective sentences and perceived
trustworthiness. We analyze data from 136 par-
ticipants who evaluated 10 randomly selected news
articles, yielding 1,334 paired observations where
each participant rated both the original and high-
lighted versions of the articles.

4.1 Effect of Highlighting Subjectivity
To assess whether highlighting subjective sentences
affects perceived trustworthiness, we compared par-
ticipants’ trust ratings for each article before and af-
ter highlighting. We conducted a paired-samples t-
test and, as a robustness check, a Wilcoxon signed-
rank test, which does not assume normally dis-
tributed paired differences (Wilcoxon, 1945). Ta-
ble 1 presents the results. The paired t-test re-
vealed a statistically significant negative effect of
highlighting subjectivity (t = −8.42, p < 0.001),
with participants rating highlighted articles as less
trustworthy (µ = 2.47, σ = 1.05) compared to non-
highlighted versions (µ = 2.68, σ = 1.02), a mean
decrease of 0.21 points. The Wilcoxon signed-
rank test corroborated this finding (p < 0.001).
However, the effect size was small (Cohen’s d =
−0.23), and two-thirds of ratings remained un-
changed, suggesting modest practical impact.

4.2 Order Effect Analysis
To verify that the observed reduction in trust was
not attributable to presentation order, we con-
ducted a 2×2 repeated measures ANOVA with
version (original vs. highlighted) as a within-
subjects factor and presentation order (original-first
vs. highlighted-first) as a between-subjects factor.
Results confirmed the main effect of highlighting
(F (1, 134) = 21.16, p < 0.001, η2p = 0.136), repli-
cating our paired t-test findings. Critically, we
found no significant main effect of presentation
order (F (1, 134) = 0.42, p = 0.52, η2p = 0.003)
and no version × order interaction (F (1, 134) =
0.18, p = 0.67, η2p = 0.001), confirming that the
effect of highlighting was consistent regardless of
whether participants saw the original or highlighted
version first. Separate paired t-tests within each

Measure Original Highlighted

Mean (SD) 2.68 (1.02) 2.47 (1.05)
Median 3.00 3.00

Statistical Tests

Paired t-test t = −8.42, p < 0.001
Wilcoxon test p < 0.001
Cohen’s dz −0.23

Direction of Change

Decreased 274 (20.5%)
No change 879 (65.9%)
Increased 181 (13.6%)

Table 1: Effect of highlighting subjective sentences on
perceived trustworthiness. Values reflect paired com-
parisons across N = 1,334 participant–article pairs.
Cohen’s dz denotes the paired-samples effect size.

order condition further validated this pattern, with
both original-first and highlighted-first conditions
showing statistically significant decreases in trust.
These results rule out order effects as an alternative
explanation and support a causal interpretation of
the highlighting intervention.

4.3 Variation Across Articles

While the overall effect of highlighting subjective
sentences was negative, Figure 1 reveals substantial
heterogeneity across individual articles. The effect
ranged from -0.35 (Article 1) to +0.18 (Article 6),
a span of 0.53 points on the 4-point scale. Ex-
ploratory paired t-tests for each article individually
showed that 9 of 17 articles exhibited statistically
significant effects at p < 0.05 (uncorrected), with 4
articles surviving Bonferroni correction for multi-
ple comparisons (p < 0.003). Notably, 14 articles
showed decreased trustworthiness, while 3 showed
increased trustworthiness after highlighting. This
variability suggests that the impact of highlighting
subjective content is moderated by article-specific
characteristics, such as topic, content, writing style,
or the nature of the subjective statements them-
selves. The consistent direction of effects (pre-
dominantly negative) combined with the varying
magnitude indicates that while highlighting gener-
ally reduces perceived trustworthiness, the strength
of this effect depends on contextual factors that
warrant further investigation.
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Figure 1: Mean change in trustworthiness ratings by
article after highlighting subjective content. Error bars
represent standard error of the mean. Asterisks indicate
statistical significance from individual paired t-tests: *
p < 0.05, *** p < 0.003 (Bonferroni-corrected). Nega-
tive values indicate decreased trustworthiness; positive
values indicate increased trustworthiness.

4.4 Variation Across Raters

Beyond article-level effects of highlighting subjec-
tive content, we assess variability across partici-
pants. Some individuals may be more sensitive
to the presence of highlighted subjectivity than
others, leading to heterogeneous responses even
when the overall trend is negative. Examining this
participant-level variation helps clarify whether the
observed effect reflects a broadly shared response
or is driven by a subset of readers.

Analysis. To examine how consistently partici-
pants responded to highlighting, we computed the
mean change in trustworthiness for each participant
across all articles they rated (∆trust = highlighted
− original). Figure 2 shows the distribution of
these mean changes, where negative values indi-
cate a reduction in perceived trustworthiness after
highlighting.

Results. Across 136 participants, the average
change in perceived trustworthiness was small
but consistently negative (M = −0.21, SD =
0.34), indicating that most participants rated high-
lighted articles slightly less trustworthy than their
non-highlighted counterparts. However, there
was substantial individual variability (range =
[−0.9,+1.0]), as illustrated in Figure 2, suggest-
ing that some participants were more sensitive to
highlighting than others.

Figure 2: Distribution of mean change in trustworthi-
ness ratings per participant (highlighted − original)

Moderation by Initial Vaccine Stance. To ex-
plore whether participants’ prior attitudes toward
vaccines moderated their response to highlighted
subjectivity, we compared the mean change in trust-
worthiness ratings (∆trust) across stance groups.
Participants reported their general stance toward
vaccines as a public health measure at the begin-
ning of the survey. As shown in Figure 3, the direc-
tion of the effect was consistent across groups, with
highlighting generally reducing perceived trustwor-
thiness, though the magnitude of the decrease var-
ied by stance. Participants who were somewhat
supportive of vaccines exhibited the largest av-
erage decline (M = −0.30, SD = 0.24), fol-
lowed by somewhat opposed (M = −0.18) and
strongly opposed (M = −0.05) participants, while
strongly supportive participants showed no change
(M = 0.00).

A one-way ANOVA and Kruskal-Wallis test,
which assess differences in central tendency across
groups under parametric and non-parametric as-
sumptions respectively, did not reveal a statistically
significant difference across groups (p > 0.05).
Nevertheless, the observed pattern is consistent
with the possibility that highlighting subjective lan-
guage has a stronger effect among participants with
more moderate positions, while having little influ-
ence on those with firmly held views.

5 Features

To analyze factors associated with changes in per-
ceived trustworthiness, we extracted interpretable
features from both the articles and the participants
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Figure 3: Mean change in perceived trustworthiness
(highlighted − original) by participants’ initial stance to-
ward vaccines (Q59). Negative values indicate that high-
lighting subjective language reduced trust. Although
the overall effect of highlighting was modestly negative
across all groups, the magnitude of this reduction varied
by stance, with the largest decline among participants
who were somewhat supportive of vaccines. Error bars
represent standard deviation within each stance group.

who rated them. Article-related features capture
the linguistic, stylistic, and rhetorical properties of
each article, while reader-related features describe
participants’ prior attitudes and behavioral tenden-
cies that may form their sensitivity to highlighted
subjective sentences.

5.1 Article Related Features

Subjectivity Density. This feature quantifies the
proportion of sentences in an article classified as
subjective, with values ranging from 0 to 1. It di-
rectly captures the extent of subjective language
within an article. We hypothesize that articles with
higher subjectivity density should elicit stronger
trust reductions after highlighting, as the high-
lighted sentences occupy a greater share of the
text.

Sentiment Polarity and Intensity. To capture
the affective tone of each article, we computed two
sentiment-based metrics: (1) the mean sentiment
polarity, ranging from negative to positive, and
(2) the average sentiment intensity, defined as the
absolute magnitude of emotional valence regard-
less of sign. We derived these measures using the
cardiffnlp/twitter-roberta-base-sentiment
model (Loureiro et al., 2022), a transformer-based
RoBERTa encoder that represents a widely adopted
state-of-the-art approach for sentiment analysis in
political and news discourse. For each sentence,
the model outputs class probabilities for negative,
neutral, and positive sentiment. We convert these

probabilities to a continuous polarity score in
[−1, 1] by taking the expectation over class labels,
and compute intensity as its absolute value. We
then average these sentence-level scores to obtain
article-level polarity and intensity and scale both
features to the 0–1 range via min–max normal-
ization for comparability across articles. Polarity
reflects the direction of evaluative language,
whereas intensity measures how emotionally
charged the text is. We posit that articles with
either highly positive or highly negative tone
may be perceived as less objective, and thus
may undergo greater reductions in perceived
trustworthiness when subjective sentences are
highlighted.

Persuasiveness. We quantify persuasiveness
using a transformer-based regression model
that predicts argument quality as a proxy for
persuasive strength. Specifically, we apply
the webis/argument-quality-ibm-reproduced
model on Hugging Face, a recent reproduction of
IBM’s Project Debater argument-quality predictor
(Zelch et al., 2025). The model estimates the per-
ceived quality of written arguments on a continuous
scale based on linguistic, syntactic, and discourse-
level features learned from the large-scale Argu-
ment Quality dataset introduced by Gretz et al.
(2020). For each article, we compute the model’s
predicted argument-quality score and normalize
it to the 0–1 range to produce the persuasiveness
score. Higher values indicate greater persuasive
strength. This feature captures variation in an ar-
ticle’s argumentative style that may be related to
changes in perceived trustworthiness when subjec-
tive content is highlighted.

Readability. We measure textual readability us-
ing the Flesch–Kincaid Grade Level (Kincaid et al.,
1975), a widely used readability index that esti-
mates the years of education required to compre-
hend a text. The score is computed from two core
components: the average number of words per sen-
tence and the average number of syllables per word,
following the formulation of Flesch (1948). For
each article, we compute the Flesch–Kincaid score
and then invert it so that higher values correspond
to greater ease of reading. The resulting values are
subsequently scaled to the 0–1 range via min–max
normalization, where 0 indicates highly complex
language and 1 corresponds to simple, accessible
writing. Readability functions as a proxy for cogni-
tive load: articles that are easier to read may render
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subjective statements more salient, whereas dense
or syntactically intricate texts may obscure such
cues and thus diminish the effect of highlighting.

Propaganda Techniques. To capture rhetorical
strategies beyond sentiment and subjectivity, we
annotated each article for the presence of specific
propaganda techniques. We follow the taxonomy
introduced in SemEval-2020 Task 11 on the De-
tection of Propaganda Techniques in News Arti-
cles (Da San Martino et al., 2020a), which defines
a closed set of fine-grained rhetorical devices de-
signed for span-level analysis in news text. This
taxonomy includes commonly studied techniques
such as Loaded Language, Name Calling or Label-
ing, Appeal to Fear or Prejudice, and Flag Waving.
The definitions of all techniques are provided in
Appendix A.2.

Because existing pretrained propaganda detec-
tors are typically optimized for sentence-level span
annotation rather than article-level presence, we
employed a controlled, instruction-following large
language model to perform document-level classi-
fication. Prior work has shown that large language
models achieve performance comparable to state-
of-the-art systems on propaganda detection tasks
(Sprenkamp et al., 2023), motivating their use in
this setting. Specifically, we prompted the OPE-
NAI GPT-4.1-MINI model (OpenAI, 2024) with
a standardized, closed-set annotation prompt re-
quiring JSON-formatted outputs. For each article,
the model identified which (if any) techniques ap-
peared at least once, and we encoded these predic-
tions as binary indicators. This approach provides
an interpretable representation of rhetorical bias
that complements the linguistic and affective fea-
tures described above. The exact prompt used to
obtain these annotations is shown below.

Propaganda Annotation Prompt

You are an expert annotator with extensive
experience in analyzing political discourse
and identifying rhetorical persuasion strate-
gies. Your task is to determine whether an
article contains any of a predefined set of
propaganda techniques.
Follow these constraints carefully:
1. Use only the predefined propaganda tech-
nique labels.
2. A technique is present if it appears in at
least one sentence.

3. Do not invent new labels and do not pro-
vide explanations.
4. Output a JSON dictionary of the form:
{"techniques_present": ["Loaded
Language", "Red Herring", ...]}

Examples:
<FEW SHOT EXAMPLES>

Article:
<ARTICLE TEXT>

5.2 Reader Related Features
Stance Toward Vaccines. Participants’ initial at-
titudes toward vaccines were encoded as an ordi-
nal variable ranging from strongly opposed (1) to
strongly supportive (4). Prior stance plays an im-
portant role in how individuals interpret and spread
misinformation, and may shape how readers re-
spond to subjective language depending on whether
it aligns with their beliefs (Derczynski et al., 2017;
Hardalov et al., 2022). Stance values were normal-
ized to the 0–1 range for use in the model.

6 Feature Analysis

Our analysis in Section 4 revealed that highlighting
subjective language generally reduced perceived
trustworthiness, though the magnitude of this effect
varied across both articles and raters. To better
understand the underlying drivers of this variability,
we aim to identify the linguistic and attitudinal
features that best explain the observed change in
trustworthiness (∆trust).

We hypothesize that both textual properties and
individual differences (Verma et al., 2018) plausi-
bly contribute to ∆trust, so we model the outcome
as a weighted linear combination of article-related
and reader-related features with separate scaling
parameters for each group. Let xj ∈ Rp denote the
article features for article j (e.g., subjectivity den-
sity, sentiment, readability, propaganda indicators)
and zi ∈ Rq denote the rater features for partic-
ipant i (e.g., stance, engagement). The model is
expressed as

∆trustij = α (w⊤xj) + β (v⊤zi) + b, (1)

where α and β scale the relative influence of article-
and reader-related predictors, w and v are the
learned feature coefficients within each group, b
is the intercept. Continuous predictors are normal-
ized prior to estimation so that α and β are directly
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comparable in magnitude. This allows us to assess
whether variation in trust change is driven more by
article characteristics or by rater attributes.

We fit a linear regression model to estimate
∆trust using the feature set described above.
Article-level predictors included subjectivity den-
sity, sentiment polarity and intensity, readability,
and a set of one-hot propaganda indicators, while
rater-level predictors consisted of each participant’s
vaccine stance. To ensure comparability across
heterogeneous features, article and rater predic-
tors were standardized separately before fitting the
model. The regression jointly estimates the fea-
ture weights w and v as well as the group-level
scaling parameters α and β, allowing us to directly
compare the aggregate contribution of textual char-
acteristics to that of rater attributes. The model
was trained on all 1,334 participant-article pairs for
which both original and highlighted trust ratings
were available.

The model reveals a strong asymmetry in pre-
dictive influence between article- and participant-
related features. The norm of the article-feature
coefficients was substantially larger than that of the
rater-feature coefficients (α = 0.34 vs. β = 0.039),
yielding an α/β ratio of 8.78. This indicates that ar-
ticle properties account for nearly nine times more
variance in ∆trust than individual differences in
vaccine stance. Among article-level predictors,
higher subjectivity density was associated with
larger decreases in trust, while certain rhetorical
devices such as Appeal to Authority and Black-and-
White Fallacy showed notable associations with
trust change. Participant stance exhibited a smaller
but directionally consistent effect, with more pro-
vaccine readers showing slightly larger trust reduc-
tions. Table 2 summarizes the standardized coeffi-
cients for all predictors. To assess the robustness of
these estimates, we additionally report 95% boot-
strap confidence intervals for the largest-magnitude
coefficients in Appendix A.3.

7 Conclusion

In this work, we examined how making subjective
language explicit influences readers’ perceptions of
news trustworthiness. Through a controlled within-
subjects survey, we showed that highlighting sub-
jective sentences generally reduces perceived trust,
though the magnitude of this effect varies across
articles and individuals. Our feature-based anal-
ysis reveals that this variation is driven predomi-

Feature Coefficient Type

subj_ratio −0.1968 Article
Black-and-White Fallacy +0.1775 Article
polarity_raw +0.1602 Article
Appeal to Authority −0.0994 Article
Appeal to Fear or Prejudice +0.0658 Article
Bandwagon +0.0430 Article
Glittering Generalities −0.0358 Article
vaccine_stance −0.0388 Rater
intensity_raw +0.0237 Article
fk_raw +0.0236 Article
Loaded Language +0.0207 Article
Name Calling or Labeling +0.0147 Article
Exaggeration or Minimization −0.0101 Article
readability −0.0236 Article
Whataboutism +0.0017 Article
Doubt +0.0017 Article

Table 2: Standardized regression coefficients for the
∆trust prediction model, excluding features with zero-
valued coefficients. Positive coefficients indicate that
the feature is associated with increased trust in the high-
lighted version relative to the original, while negative co-
efficients indicate greater trust reduction. Article-level
predictors dominate the model, with the aggregate coef-
ficient magnitude of article features (α = 0.34) substan-
tially exceeding that of the rater feature (β = 0.039).

nantly by article-level properties rather than read-
ers’ stance toward the topic. Among the article-
related features, subjectivity density and specific
rhetorical devices explain substantially more vari-
ance in trust change. These findings indicate that
trust judgments are sensitive to how linguistic cues
are surfaced during reading, even when factual
content remains unchanged. This suggests that
perception-focused cues may play a role in shaping
reader evaluations alongside existing detection and
verification efforts.

In light of these results, relying solely on real-
time fact checking may be insufficient, since trust
judgments often form before such interventions
occur. Instead, our results point to the value of
perception-focused interventions at the point of
reading, complementing existing detection and ver-
ification efforts.

Limitations

Our study has several limitations that should be
considered when interpreting the results. First, the
number of news articles included in the experiment
is relatively small. This choice reflects a deliberate
trade-off driven by budgetary and statistical con-
siderations. Because our primary objective is to
measure how readers’ trust judgments change in
response to highlighting subjective language, reli-
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able estimation of this effect requires a sufficiently
large number of pre- and post-highlighting ratings
for each article. Given a fixed budget, increasing
the number of articles would necessarily reduce the
number of evaluations per article. We prioritized
depth of evaluation, resulting in approximately 75
ratings per article, at the cost of broader article
coverage. Future work with larger budgets could
extend this design to a wider range of articles while
maintaining adequate per-article sampling.

Second, our feature analysis assumes a linear
relationships between predictors and changes in
perceived trustworthiness. While this choice sup-
ports interpretability and enables direct comparison
between article-level and reader-level influences, it
may bias the analysis toward simple relationships
and overlook nonlinear effects or interactions be-
tween features. More flexible modeling approaches
could capture richer patterns in how linguistic cues
and reader characteristics jointly shape trust judg-
ments.

Third, the set of features considered in this study
is necessarily limited. Article-level predictors fo-
cus on a subset of interpretable linguistic and rhetor-
ical properties, while reader-level features are re-
stricted primarily to prior stance toward vaccines.
Although this design facilitates transparent analy-
sis, it does not exhaust the range of factors that may
influence trust perceptions. Incorporating broader
representations of discourse structure, narrative
framing, or additional reader attributes may provide
a more comprehensive account of trust formation.
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A Appendix

A.1 Training a Subjectivity Classifier

To filter articles with a subjective sentence ra-
tio greater than 10%, we trained a sentence-level
subjectivity classifier based on RoBERTa (Liu
et al., 2019). The model was trained on two
subjectivity-annotated datasets: the MPQA opin-
ion corpus (Deng and Wiebe, 2015) and a recently
released dataset containing sentence-level subjec-
tivity annotations for COVID-19 and crime-related
news (Savinova and Del Prado, 2023).

MPQA. The MPQA (Multi-Perspective Ques-
tion Answering) dataset is a widely used resource
in sentiment analysis and opinion mining. It is de-
signed to capture the multifaceted nature of subjec-
tive language and contains text segments annotated
for sentiment polarity and subjectivity. The dataset
includes content from multiple sources, such as
news articles, product reviews, discussion forums,
and social media, reflecting the varied contexts in
which subjective expressions occur. To control for
genre-related variation, we restrict our experiments
to MPQA sentences drawn from news articles. We
use version three of the MPQA opinion corpus.

News Dataset. The second dataset consists of
sentences from news articles and Facebook posts
related to crime and COVID-19, published by four
major UK news outlets, for a total of 7,751 sen-
tences (Savinova and Del Prado, 2023). We ex-
clude Facebook posts, as they are shorter and may
not be authored by journalists. Consequently, all
experiments in this paper use only news sentences,
yielding a dataset of 2,973 sentences, including
1,013 subjective and 1,960 objective sentences.

Training Details. We fine-tuned a RoBERTa-
base model for binary sentence-level subjectiv-
ity classification using the Adam optimizer with
a learning rate of 1 × 10−5. Training was per-
formed for 10 epochs with standard cross-entropy
loss. Across the two training datasets, the classifier
achieved an average F1 score of 0.88. The result-
ing model was used to estimate the proportion of
subjective sentences in each article for the purpose
of article filtering.

A.2 Propaganda Techniques

Below is a list of the definitions for propaganda
techniques we used for propaganda detection in
news articles (Da San Martino et al., 2020b):

• Loaded language: Using words/phrases with
strong emotional implications (positive or neg-
ative) to influence an audience.

• Name calling or labeling: Labeling the object
of the propaganda campaign as either some-
thing the target audience fears, hates, finds
undesirable or otherwise loves or praises.

• Repetition: Repeating the same message over
and over again, so that the audience will even-
tually accept it.

• Appeal to fear: support an idea by instilling
fear against other alternatives

• Exaggeration or minimization: Either repre-
senting something in an excessive manner:
making things larger, better, worse.

• Doubt: Questioning the credibility of some-
one or something. - appeal to fear/prejudice:
Seeking to build support for an idea by in-
stilling anxiety and/or panic in the population
towards an alternative, possibly based on pre-
conceived judgments.

• Flag-waving: Playing on strong national feel-
ing (or with respect to a group, e.g., race, gen-
der, political preference) to justify or promote
an action or idea.

• Causal oversimplification: Assuming one
cause when there are multiple causes behind
an issue. We include scapegoating as well
which is defined as the transfer of the blame
to one person or group of people without in-
vestigating the complexities of an issue.

• Slogans: A brief and striking phrase that may
include labeling and stereotyping.

• Appeal to authority: Stating that a claim is
true simply because a valid authority/expert
on the issue supports it, without any other
supporting evidence. Include the special
case where the reference is not an author-
ity/expert,although it is referred to as testi-
monial in the literature.

• Black-and-white fallacy: Presenting two alter-
native options as the only possibilities, when
in fact more possibilities exist, eliminating
any other possible choice. and as an extreme
telling the audience exactly what actions to
take, which is also called as dictatorship.
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• Thought-terminating cliche: Words or phrases
that discourage critical thought and meaning-
ful discussion about a given topic. They are
typically short, generic sentences that offer
seemingly simple answers to complex ques-
tions or that distract attention away from other
lines of thought.

• Whataboutism: Discredit an opponent’s posi-
tion by charging them with hypocrisy without
directly disproving their argument.

• Reductio ad hitlerum: Persuading an audience
to disapprove an action or idea by suggesting
that the idea is popular with groups hated in
contempt by the target audience. It can re-
fer to any person or concept with a negative
connotation.

• Red herring: Introducing irrelevant material to
the issue being discussed, so that everyone’s
attention is diverted away from the points
made.

• Bandwagon: Attempting to persuade the tar-
get audience to join in and take the course of
action because “everyone else is taking the
same action”.

• Obfuscation/intentional vagueness/confusion:
Using deliberately unclear words, so that the
audience may have its own interpretation."

• Straw men: Refuting arguments that were not
presented.

A.3 Confidence Intervals for Feature
Coefficients

To quantify uncertainty in the feature-level effects
reported in Section 6, we estimate 95% confidence
intervals for the regression coefficients using non-
parametric bootstrap resampling. Specifically, we
repeatedly resample the participant-article pairs
with replacement and refit the linear model de-
scribed in Equation (1) on each resampled dataset.
For each feature, we compute percentile-based con-
fidence intervals from the resulting empirical dis-
tribution of coefficients.

Figure 4 shows the bootstrap means and 95%
confidence intervals for the features with the largest
absolute coefficients. Subjectivity density exhibits
a consistently negative association with changes
in perceived trustworthiness, with confidence in-
tervals that exclude zero, indicating a stable ef-
fect across bootstrap samples. In contrast, many

Figure 4: Bootstrap means and 95% confidence intervals
for the largest-magnitude regression coefficients predict-
ing changes in perceived trustworthiness (∆trust). Er-
ror bars indicate percentile-based confidence intervals
estimated via 1,000 bootstrap resamples. Positive val-
ues indicate increased trust in the highlighted version
relative to the original, while negative values indicate
greater trust reduction.

individual rhetorical features display wider con-
fidence intervals that often include zero, reflect-
ing substantial variability across articles and con-
texts. Reader-level stance remains small and tightly
bounded around zero, reinforcing the conclusion
that variation in trust change is driven primarily
by article-level properties rather than individual
differences.
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