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Abstract
This study expands the understanding of linguistic cues in
fake news by exploring ambivalent language’s role in distin-
guishing real from fake news and its impact on news spread.
Unlike prior research focusing on positive or negative lan-
guage separately, this work hypothesizes that fake news may
exhibit higher ambivalence, aligning with its association with
high-arousal emotions and writers’ efforts to attract attention.
Ambivalence, traditionally viewed as the co-occurrence of
conflicting positive and negative elements, is extended here
to include diverse dimensions such as textual, temporal, psy-
chological, and content-related ambivalence.

Introduction
Fake news, defined as intentionally false articles (Ireton and
Posetti 2018), threatens modern democracies, prompting ef-
forts to understand its origins, spread, and impact (Lazer
et al. 2018). Many people consume news online but strug-
gle to assess its truth (Spezzano et al. 2021). Hence, research
has focused on distinguishing real from fake news, using lin-
guistic features and automated text analysis (Asubiaro and
Rubin 2018)(Singh, Ghosh, and Sonagara 2021).

One feature that has reliably surfaced as a predictor of
fake news is the presence of negative language (Gupta et al.
2022) (Damstra et al. 2021). However, research on attitu-
dinal ambivalence – the degree to which people hold pos-
itive and negative evaluations at the same time – suggests
that a focus on the valence of information alone may be too
narrow (Priester and Petty 1996). According to this litera-
ture, the joint presence of positive and negative informa-
tion may cause a reader to feel mixed or conflicted that is
not prompted by the presence of negative (or positive) in-
formation alone. However, focusing on the mere presence
(absence) of negative language overlooks the potential exis-
tence of ambivalent language.

In this paper, we build on prior work by exploring how
ambivalent language – beyond just positive or negative
tones – can help distinguish real from fake news, contribut-
ing to the growing literature on linguistic cues and fake
news. There is reason to expect that fake news may feature
higher levels of ambivalence (rather than merely higher lev-
els of negative language): past research illustrates fake news’
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broader association with higher arousal emotions (Zhang
et al. 2021) (Damstra et al. 2021) and writers’ motives to
attract and sustain attention (Zhang and Ghorbani 2020),
all of which are potential outcomes of ambivalence (Roth-
man et al. 2017). We also examine whether the presence
of ambivalence predicts the spread of news, across multiple
datasets covering different subject areas. Furthermore, we
make a contribution to the literature on ambivalence. Classic
research conceptualizes ambivalence as the joint presence
of positive and negative unipolar elements whose simultane-
ous presence creates conflict. Other unipolar and potentially
conflicting elements exist in language as well (e.g., work-
leisure ambivalence, emotional-cognitive ambivalence, past-
present ambivalence, etc.). We thus conceptually expand the
concept of valence-related ambivalence to introduce and test
the effects of new operationalizations of ambivalence in the
context of distinguishing between real and fake news and
predicting news spread on social media.

This research connects fake news detection and ambiva-
lence theory, showing how conflicting language features can
signal fake news and predict its viral spread. It also situates
findings within social science literature, exploring how am-
bivalence interacts with human psychology and social media
dynamics to shape information dissemination.

Related Work
Language in Fake News. Research examining the linguis-
tic characteristics of fake news has shown that it differs
from real news in several ways: fake news articles tend to
be shorter in length, with fewer and shorter words and sen-
tences (Asubiaro and Rubin 2018), and use excess punctu-
ation and capitalization (Bradshaw et al. 2020). Fake news
is also more likely to feature first- and second-person pro-
nouns (Singh, Ghosh, and Sonagara 2021) and more likely
to feature more novel language than regular news (Vosoughi,
Roy, and Aral 2018). Fake news is also reliably more likely
to use affective and particularly negative language (Damstra
et al. 2021), featuring more fear-, anger-, and sadness-related
words than real news (Gupta et al. 2022). Thus, past research
shows that valence, emotion, and content-related features
have been shown to distinguish between real and fake news.
One consistent feature of past research is that it examines the
mere presence (absence) of linguistic features in their ability
to predict fake news. In this work, we investigate whether the
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joint presence of some of these elements may be diagnostic.
News Sharing. Past work has repeatedly shown that emo-

tional, arousing content is more likely to be shared (Berger
2011) (Vosoughi, Roy, and Aral 2018). While some past re-
search on news article sharing has shown that the level of
belief that the articles were truthful predictors likelihood of
sharing (Di Domenico et al. 2021), other research suggests
that social media sharing behavior can actually be unrelated
to judgments about the article’s accuracy (Pennycook and
Rand 2021). Social media content may distract people from
prioritizing truth when they decide what to share, favoring
aspects that they perceive as more likely to engage oth-
ers. For instance, Chen, Pennycook, and Rand (2021) found
that message evocativeness predicted message-sharing in-
tentions, and ambivalent messages may be more vivid and
imagery-inducing than their non-ambivalent counterparts.

Attitudinal Ambivalence. Early research saw attitudinal
ambivalence as purely positive or negative, but later work re-
vealed that combined positive and negative evaluations cre-
ate a distinct state that cannot be captured by the indepen-
dent components alone. Attitudinal ambivalence is the de-
gree to which people explicitly hold both positive and neg-
ative evaluations at the same time (Kaplan 1972). This sit-
uation often gives rise to a state of internal conflict, such
that people feel torn about the attitude object (Priester and
Petty 1996). Attitudinal ambivalence is aversive (Nordgren,
Van Harreveld, and Van Der Pligt 2006), causing discomfort,
especially when action is required. To ease this, individu-
als seek consistency, as cognitive dissonance theory shows
inconsistency is unpleasant (Abelson et al. 1968). Conse-
quently, prior research shows ambivalence can lead to biased
thinking and impulsive actions (Hamby and Russell 2022).
While traditionally viewed as an individual psychological
state, we extend this concept to language, as discussed next.

Definition of Ambivalence and its Extension
In this paper, we examine whether fake news articles feature
a higher level of textual ambivalence – that is, ”the state of
having two opposing feelings at the same time, or being un-
certain of how [one feels]” (Cambridge Dictionary, 2018).
Ambivalence does not have to be confused with neutrality,
which is the absence of any strong feelings, whereas ambiva-
lence focuses on strong opposing sensations (Schneider and
Schwarz 2017). Past text analysis work routinely captures
the valence of the text, and as aforementioned, one feature
that has reliably surfaced as a predictor of fake news is the
presence of negative language (Gupta et al. 2022) (Damstra
et al. 2021). We thus move beyond the textual features exam-
ined by past research on fake news to consider how textual
ambivalence may distinguish between real and fake news.

We computed textual ambivalence using a formula widely
utilized in prior ambivalence research, as introduced by
Priester and Petty (1996): P+N

2 − |P −N |, where P and N
refer to positive and negative sentiment, respectively, and are
computed on the news text by using the VADER tool (Hutto
and Gilbert 2014). By subtracting the absolute value of the
difference between P and N , we help distinguish ambiva-
lence from neutrality—if P and N are both large, then the
value of ambivalence is high, whereas if the only P is large,

then the value of ambivalence is low. There is reason to pre-
dict that textual ambivalence may be higher in fake (vs. real)
news, due to fake news writers’ motives to create articles. A
primary motivation is financial: fake news may be created to
encourage clicks and revenues from advertising. Fake news
writers aim to attract and sustain readers’ attention to enable
its spread through social media (Zhang and Ghorbani 2020),
and ambivalence has the potential to increase arousal and
enhance information spread (Berger 2011).

In addition to extending the concept of attitudinal am-
bivalence to the context of news text (i.e., textual ambiva-
lence), we leverage the fundamental concept to introduce
new bases of ambivalence, based on fundamental aspects
of news. First, all news is temporally embedded (Neiger
and Tenenboim-Weinblatt 2016) and may adopt different
tenses (past, present, and future). We refer to the joint pres-
ence of multiple tenses in an article as temporal ambiva-
lence (past-present ambivalence, past-future ambivalence,
present-future ambivalence). Second, news often includes
a narrator who reveals mental status, such as thoughts and
feelings (Van Krieken and Sanders 2021). We refer to the
joint presence of conflicting mental states in an article as
psychological states ambivalence (emotion-cognitive am-
bivalence, happiness-sadness ambivalence). Finally, news
articles can discuss topics that may vary in terms of their
substantive content (Zhao et al. 2011). We refer to the joint
presence of conflicting content in an article as content-
related ambivalence (e.g., male-female ambivalence; work-
leisure ambivalence). In each case, the aforementioned for-
mula used to calculate traditional ambivalence was used
to calculate the values of the new ambivalence definitions.
For example, the ambivalence values for Emotional vs.
Cognitive were calculated in the following way using the
scores provided by the LIWC tool (Tausczik and Pennebaker
2010): T+C

2 − |T − C|, where T and C are the tone and
cognitive dimensions, respectively. Table 5 in the Appendix
lists the new ambivalence measures we defined, along with
the LIWC dimensions used to compute them.

Research Questions. To study how classical ambivalence
and its extension influence fake news prediction and news
sharing, we pose the following research questions:

RQ1: Is fake (vs. real) news higher in (a) textual ambiva-
lence, (b) temporal ambivalence, (c) psychological states
ambivalence, and (d) content-related ambivalence?

RQ2: Is (a) textual ambivalence, (b) temporal ambiva-
lence, (c) psychological states ambivalence, and (d) content-
related ambivalence associated with news sharing behavior?

Experimental Framework
In order to study the impact of textual ambivalence and its
extensions on fake news detection and news sharing predic-
tion we proceeded as follows.1 We used classical machine-
learning approaches to (i) classify fake (vs. real) news and
(ii) predict real and fake news sharing. For the latter, we ad-
dressed the problem as a four-class classification problem

1To enhance reproducibility, our code is available at https:
//anonymous.4open.science/r/Ambivalence-4104 Reproducing all
the experiments on Google Colab with CPU takes about 5 hours.
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Dataset # Articles # Fake Articles
PolitiFact (Shu et al. 2020) 935 417

GossipCop (Shu et al. 2020) 19,759 4,734
ReCOVery (Zhou et al. 2020) 2,029 665

Fake Health (Dai, Sun, and Wang 2020) 2,296 763

Table 1: Datasets considered in our study.

where the number of shares is divided into four bins of per-
centiles (25, 50, 75, 100), and the article labels are assigned
according to the bin the number of shares of an article be-
longs to. Moreover, when predicting news sharing, we ad-
dressed the cases of fake and real news separately, so that
we can compare and contrast the two cases.

We used LIWC plus textual, temporal, psychological
states, and content-related ambivalence features in input to
a Random Forest (RF) classifier to perform classification.2
Our goal is not to outperform state-of-the-art models pre-
diction models, but to examine how ambivalence influences
fake news and sharing outcomes. Hence, we used LIWC fea-
tures in input to our classification models as this is a well-
established method in content-based fake news related re-
search (Zhou and Zafarani 2020). Next, we used the mean
decrease in impurity method to study whether textual am-
bivalence and its extensions were important features for
the considered classification problems. If so, we performed
Shapley value-based explanations (SHAP) to analyze how
they contribute to fake news and news sharing prediction.

We considered the four popular datasets related to pol-
itics, gossip, and health reported in Table 1. Each dataset
provides news text, label (fake or real), and the number of
shares as tweets/retweets on the Twitter (now X) platform.

Results and Discussion
Table 2 reports the accuracy and F1 score of the Random
Forest classifier (with the LIWC and 8 ambivalence features
in input) we used to predict fake news and the number of
shares of real and fake news on the considered datasets.
Results are compared with a Dummy classifier generat-
ing predictions uniformly at random from the list of ob-
served classes. As we can see, the accuracy achieved for
fake news detection is always above 82% in three out of
four datasets. Similarly, the considered classifier achieves
an accuracy ranging between 30% and 58% when predicting
news shares (four-class classification problem). In compari-
son, the Dummy classifier ranges between 18% and 26%.

Tables 3 and 4 summarize the impact of our considered
ambivalence features on the detection of fake news and pre-
diction of news shares. An ambivalence feature is reported in
the tables if it appears among the top-30 most important fea-
tures (sorted by importance value from top to bottom). The
tables also report the results of the explainability analysis
conducted with SHAP to find out whether a higher or lower
value of a feature predicts fake or real news or is associated
with high or low volumes of shares. Due to page limitations,
the corresponding SHAP plots are reported in the Appendix.

2We also tested Logistic Regression and SVM but report only
RF (200 estimators, random state = 100) as it performed best.

Accuracy F1Dataset Prediction Problem RF Dummy RF Dummy
Fake News 86.95 45.98 86.85 46.08

# of Share (Fake) 38.12 17.85 31.96 17.78Politifact
# of Share (Real) 37.25 20.19 28.71 20.98

Fake News 82.72 48.10 66.29 51.71
# of Share (Fake) 57.52 23.33 32.35 26.02GossipCop
# of Share (Real) 30.96 24.22 27.48 24.55

Fake News 82.55 47.78 76.19 48.81
# of Share (Fake) 46.01 24.81 36.71 27.85ReCOVery
# of Share (Real) 38.05 25.64 36.13 25.65

Fake News 69.99 48.69 61.65 49.69
# of Share (Fake) 29.88 23.52 29.09 23.45Fake Health
# of Share (Real) 34.17 21.82 33.85 21.72

Table 2: Accuracy and F1 score for predicting Fake News
and # of Shares.

The symbol “↑” indicates high values and the symbol “↓” in-
dicates low values. We have left the direction blank when no
strong relationship was found with an ambivalence feature.

RQ1: Ambivalence and Fake News Detection
We refer to Table 3 to answer RQ1. Several ambivalence
features appear important to predict fake news in three of
the considered datasets. These include features in the tem-
poral, content-related, and psychological states (emotional-
cognitive) ambivalence categories. Also, for the majority of
these features, higher values are associated with fake news.
Surprisingly, no ambivalence-related features are important
to predict fake news in the ReCOVery dataset, while tex-
tual ambivalence appears as an important feature only in
GossipCop. Looking more closely at the relationship be-
tween ambivalence and fake news prediction, we observe
that: (i) a high presence of textual ambivalence in the news
text predicts gossip-related fake news, and (ii) a high pres-
ence of emotion-cognitive ambivalence in the news text pre-
dicts people-related fake news (GossipCop and Politifact).

RQ2: Ambivalence and News Sharing
We refer to Table 4 to answer RQ2. We observe ambiva-
lence features from all the defined categories appearing as
important features to predict news shares, with textual am-
bivalence being important to predict news sharing. More
specifically, our results show that: (i) a high presence of tex-
tual ambivalence increases gossip-related fake news sharing
and decreases gossip-related real news sharing; (ii) a high
presence of temporal past-present ambivalence generally in-
creases news sharing (real and fake news in FakeHealth, and
real news in GossipCop); (iii) high presence of temporal
past-feature ambivalence increases real news sharing (Gos-
sipCop and FakeHealth); (iv) sad-happy and work-leisure
ambivalence features are important to predict health-related
real news sharing (ReCOVery and Fake Health), even if they
show opposite behavior in the two datasets.

Discussion and Limitations
In addressing RQ1, ambivalence types differ in their asso-
ciation with real and fake news depending on context. This
variation stems from how ambivalence functions in differ-
ent genres and aligns with audience expectations and con-
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Dataset Ambivalence Features (Top 30) Feature
Value News Prediction

Politifact

Past-Future ↑ Real
Emotion-Cognitive ↑ Fake

Work-Leisure ↑ Fake
Past-Present ↑ Fake
Female-Male ↑ Real

GossipCop

Emotion-Cognitive ↑ Fake
Present-Future ↑ Real
Female-Male ↑ Fake

Textual ↑ Fake
ReCOVery -

Fake Health
Present-Future ↑ Fake
Past-Present ↑ Real

Work-Leisure

Table 3: Impact of Ambivalence on Fake News Prediction

tent strategies in those contexts. For instance, “classic” (tex-
tual) ambivalence is associated with fake news only in the
gossip-related dataset. Gossip content often thrives on emo-
tional and sensational elements to capture attention and pro-
voke curiosity. The presence of both positive and negative
words may make the story appear more dramatic or intrigu-
ing, which aligns with the characteristics of fake gossip news
designed to attract clicks. In political or health news, am-
bivalence might not function as a signal of falsity because
ambivalence is often seen as an indicator of complexity or
nuance, which is expected in real reporting. For example,
a health article might balance the pros and cons of a medi-
cal treatment, and a political article might present arguments
from both sides of a debate. The findings also indicated that
emotional-cognitive ambivalence was associated with fake
news in gossip and political contexts. Gossip often thrives on
emotional engagement, but adding cognitive elements (e.g.,
reasoning or justification) can make fake stories feel more
credible. For instance, a fake gossip story might combine
emotional hooks (e.g., ”shocking,” ”outrageous”) with cog-
nitive elements (e.g., ”as reported by insiders”) to both in-
trigue and rationalize. Fake political news often aims to pro-
voke strong emotional responses (e.g., outrage, fear) while
providing cognitive justifications to align with readers’ pre-
existing beliefs or biases. For example, a story might say,
”This policy will devastate families (emotion), and experts
predict economic collapse if it continues (cognition).”

In addressing RQ2, textual ambivalence boosts sharing in
fake gossip news but reduces it in real gossip. Fake gos-
sip thrives on sensationalism, with mixed emotions mak-
ing stories more provocative and shareable. In contrast, real
gossip news demands clarity; ambivalence may appear as
uncertainty or hesitation, undermining credibility and en-
gagement. Additionally, past-present ambivalence tends to
boost the sharing of both real and fake news. It may link
past events to current situations, making the content feel rel-
evant and rich in context. Readers may be more likely to
share articles that connect historical context with current
events because it provides a sense of continuity and depth
(regardless of whether it is real or fake). Fake news may use
past-present ambivalence to heighten credibility and drama,
while real news may leverage it to provide depth and con-
text. Finally, we found that sad-happy and work-leisure am-
bivalence types reduce news sharing in one health dataset

Dataset News Type Ambivalence Features (Top 30) Feature
Value # of Share

Politifact

Fake
Textual

Female-Male
Past-Present

Real

Work-Leisure
Female-Male
Past-Future

Textual

GossipCop

Fake

Past-Future ↓ ↑
Female-Male ↓ ↑

Present-Future ↑ ↑
Textual ↑ ↑

Work-Leisure

Real

Present-Future ↑ ↑
Textual ↑ ↓

Past-Present ↑ ↑
Emotional-Cognitive

ReCOVery

Fake
Past-Present
Female-Male ↑ ↓

Textual

Real
Emotional-Cognitive ↑ ↑

Work-Leisure ↑ ↓
Sad-Happy ↑ ↓

Fake Health

Fake

Past-Present ↑ ↑
Present-Future

Emotion-Cognitive
Work-Leisure

Real

Work-Leisure ↑ ↑
Past-Present ↑ ↑

Textual
Sad-Happy ↑ ↑

Present-Future

Table 4: Impact of Ambivalence on News Share Prediction.

but increase it in another. These differing effects likely arise
from audience perceptions, content framing, and platform
dynamics. In one case, such ambivalence may seem confus-
ing or inappropriate, lowering trust and engagement, while
in the other, it may convey nuance or relatability, boosting
shareability. These outcomes depend on how ambivalence
aligns with audience expectations, emotional tone, and the
health topic’s context.

The present work is not without limitations. Although past
work also does so, the operationalization of ambivalence
focusing on linguistic measures may not be a sufficiently
nuanced approach to capture these constructs. Additionally,
while the used datasets cover politics, gossip, and health,
they may not fully represent real and fake news in domains
like science, finance, or global events.

Conclusions
Our study highlighted the role of ambivalence in distinguish-
ing real from fake news and predicting news sharing behav-
ior across different domains. Textual ambivalence, particu-
larly in gossip-related fake news, and emotional-cognitive
ambivalence in gossip and political fake news, emerged as
key indicators of fakery. These findings highlight ambiva-
lence’s role in attracting attention and boosting engagement,
impacting fake news detection and virality.
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use of our work for ill intent.

(h) Did you describe steps taken to prevent or mitigate
potential negative outcomes of the research, such as
data and model documentation, data anonymization,
responsible release, access control, and the repro-
ducibility of findings? Yes, data and models are de-
scribed in the ”Experimental Framework” section. To
enhance reproducibility, our code is available at https:
//anonymous.4open.science/r/Ambivalence-4104

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, we have
read the review guidelines and our paper conforms to
them.

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? NA, we do not have any hypotheses
testing in our work.

(b) Have you provided justifications for all theoretical re-
sults? NA

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? NA

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA

(e) Did you address potential biases or limitations in your
theoretical framework? NA

(f) Have you related your theoretical results to the existing
literature in social science? NA

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? NA

(b) Did you include complete proofs of all theoretical re-
sults? NA

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes, to
enhance reproducibility, our code is available at https:
//anonymous.4open.science/r/Ambivalence-4104 The
datasets are publicly available.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes, as we
mention in the ”Experimental Framework” section, we
have done 5-fold stratified cross-validation for all our
considered datasets. Hyperparameters for the Random
Forest model were (number of estimators = 200, ran-
dom state = 100). All the hyperparameters were cho-
sen with experiments.

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
No, we performed 5-fold cross-validation and aver-
aged the results to mitigate the errors. So the variation
in results was negligible and not reported.

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes, as we mention in the
”Experimental Framework” section, we ran our ex-
periments on Google Colab with CPU. Reproducing
all the experiments reported in the paper takes approx-
imately 5 hours.

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes, see our
response to Question 1 (c).

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? No. Even if we use classifica-
tion in our paper, our goal is not to develop a new
fake news detector or a model predicting the number
of news shares. Rather, we study the relationship be-
tween ambivalence and fake news or news sharing.
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5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, we have properly cited the authors of the
datasets we have used for our work.

(b) Did you mention the license of the assets? NA. If the
used datasets have any licenses, this is reported in
their repository mentioned in the cited papers.

(c) Did you include any new assets in the supplemental
material or as a URL? Yes, to enhance reproducibil-
ity, our code is available at https://anonymous.4open.
science/r/Ambivalence-4104

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
NA

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? NA

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCE11 (2020))? NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

Appendix
Table 5 lists the new ambivalence measures we defined in
this paper, along with the LIWC dimensions used to com-
pute them.

Table 5: New types ambivalence and associated LIWC di-
mensions.

Ambivalence Type LIWC Dimension Associated Words

Past vs. Present Past was, had, were, been
Present is, are, I’m, can

Past vs. Future Past was, had, were, been
Future will, going, have to, many

Present vs. Future Present is, are, I’m, can
Future will, going, have to, many

Emotional vs. Cognitive Tone good, well, new, love (pos);
bad, wrong, too much (neg)

Cognitive but, not, if or know

Sad vs. Happy Sad sad, disappointed, cry
Happy good, well, happy, love

Work vs. Leisure Work work, school, working, class
Leisure fun, play, party

Female vs. Male Female she, her, girl, woman
Male he, his him,man

In the following three pages, we have included all the
SHAP plots to describe the relationship between the impact
of ambivalence features on fake news detection and the pre-
diction of news shares. Please note that Textual ambiva-
lence and Emotional-cognitive ambivalence are referred to
in the plots as Ambivalence and toneCognitiveAmbiv, re-
spectively, for simplicity. For all plots:
• the values on the X-axis represent the impact of a fea-

ture on the prediction. For continuous features, it typi-
cally shows the magnitude of the SHAP value, which is
how much the feature contributes to the prediction.

• the Y-axis lists the ambivalence features, ordered by their
importance or the impact they have on the model’s out-
put.

• the color indicates the feature’s actual value (e.g., red for
high values and blue for low values). This helps to un-
derstand how the feature’s value influences the model’s
prediction.

• Each point represents a single prediction, and the posi-
tion along the x-axis shows the SHAP value for that fea-
ture. A positive SHAP value indicates the feature pushed
the model’s prediction higher (e.g., fake news for fake
news prediction as this label is coded with 1), while
a negative SHAP value means it pushed the prediction
lower (e.g., real news for fake news prediction as this la-
bel is coded with 0).

For instance, looking at past-future ambivalence in Figure 1,
we see that higher values of this feature predict real news in
the Politifact dataset, while, in the same plot, higher values
of emotional-cognitive ambivalence predict fake news.
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Relationship between Ambivalence and Fake News
Prediction
Please note that no ambivalence feature results among the
top-30 most important features for predicting fake news in
the ReCOVery dataset, hence there is no corresponding plot
for this dataset.

Figure 1: Politifact - Impact on News Prediction

Figure 2: GossipCop - Impact on News Prediction

Figure 3: Fake Health - Impact on News Prediction
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Relationship between Ambivalence and Fake News
Share Prediction

Figure 4: Politifact - Impact on # of Share (Fake)

Figure 5: GossipCop - Impact on # of Share (Fake)

Figure 6: ReCOVery - Impact on # of Share (Fake)

Figure 7: Fake Health - Impact on # of Share (Fake)
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Relationship between Ambivalence and Real News
Share Prediction

Figure 8: Politifact - Impact on # of Share (Real)

Figure 9: GossipCop - Impact on # of Share (Real)

Figure 10: ReCOVery - Impact on # of Share (Real)

Figure 11: Fake Health - Impact on # of Share (Real)
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