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Abstract—Recommendation algorithms automatically suggest
news articles based on past behavioral logs. There has been
reported cases of mental health problems caused by continuous
consumption of negative articles, besides recommendation algo-
rithms has a problem of over-recommendation which may induce
continuous consumption of negative articles. Although research
on the relationship between negative news article consumption
and mental health has been conducted via small-scale user
interviews, large-scale behavioral research on user engagement
with recommended news articles has not been carried out.
Therefore, we comprehensively investigated how the emotional
polarity of articles affects each indicator of user attention by
assigning emotional labels to news articles using crowdsourcing
and analyzing about 1 million user behavior logs that viewed
these articles. To the best of our knowledge, this is one of the
first publicly available studies to analyze the impact of negative
articles on users’ news consumption behavior on an online
news platform. The findings indicated that negative articles,
irrespective of their category, were more likely to be clicked on,
were read for longer durations, and had lower bounce rates.
Furthermore, users showed greater interest in negative news
related to entertainment and sports. These findings can be used
as a first step for news platforms to build safer recommendation
algorithms that consider the psychological impact on users.

Index Terms—news services, sentiment analysis, doomscrolling

I. INTRODUCTION

News recommendation services are popular because they
provide personalized news content that users find interesting.
However, they also pose the risk of negative health effects
on users. Personalized algorithmic recommendations can limit
the range of information users are exposed to by over-
recommending high-profile, similar, and stimulating articles.
This can narrow their thinking and sway complex human emo-
tions, negatively impacting their mental and physical health.
Recent studies have reported that users who consume more
negative news articles are more likely to experience mental
and physical ill health [1].

Although there have been improvements in recommendation
algorithms in the news distribution field that take into account
emotional polarity, to the best of our knowledge, no large-scale
user behavior analysis has been done using labels that reflect
human perception. Several recommendation systems have been

proposed that consider the emotional diversity of users, but,
to our understanding, no academic reports have utilized that
actual service data in a recommendation system that includes
the diversity of user emotions [2], [3]. Some analysis have
been performed on doomscrolling and health status, which
involves searching for and consuming negative news articles,
but these have been limited to small-scale user interviews
aimed at providing information in the medical field [4]. To
obtain a more comprehensive understanding of user behavior,
we think it is essential to conduct a more in-depth analysis
not only of whether users are interested in news articles but
also of articles that demonstrate sustained interest, as indicated
by dwell time, and articles that lose interest immediately.
By conducting such an analysis, we can gain insights into
the specific factors that drive user behavior and use this
information to improve news recommendation algorithms and
mitigate the negative health effects of consuming news.

In this paper, we employed a reliable crowdsourcing plat-
form to assign an emotional polarity (positive, neutral, or
negative) to 5,000 articles on a commercial news platform with
approximately 1 million users and conducted a comprehensive
analysis of the impact of negative articles on user behavior
using over a month’s worth of data. This paper is one of the
first research publications to analyze the impact of negative
articles on actual user behavior. To investigate the possibility
of bias in the attention to and consumption of negative in-
formation, we analyzed three representative indicators of user
behavior commonly used in the analysis of recommendation
systems [5], [6]: (1) click-through rate (CTR), (2) dwell time,
and (3) bounce rate. Specifically, this paper conducted an
extensive survey and discussion of the following research
questions.

• RQ1. What differences in CTR, dwell time, and bounce
rate are observed for different emotional polarities?

• RQ2. How does the relationship between time spent and
the number of words differ by emotional polarity?

The contribution of this paper is the analysis of a large user
behavior log on the relationship between emotion and the
consumption of news articles, utilizing data with emotional



polarity labels determined by human cognition.

II. RELATED WORK

A. Negative health effects of consuming negative information

The association between the continuous consumption of
strongly polarizing articles and adverse health effects has been
actively studied in recent years [7]–[10]. Studies conducted
during the COVID-19 pandemic reported that viewing articles
about COVID-19 through websites and social media can cause
anxiety, depression, post-traumatic stress disorder (PTSD), and
other psychiatric disorders [11]. In addition to COVID-19,
exposure to articles about war, conflict, and disasters has been
reported to be associated with increased early symptoms of
PTSD. Ytre-Arne and Moe conducted a survey and found
that overexposure to negative article topics not only drains
the psyche but also accelerates the doomscroll phenomenon of
fishing for more negative articles [12]. Furthermore, extensive
coverage of celebrity suicides has been found to increase
suicide rates, prompting the media to review the frequency
and content of their coverage [13], [14]. While it is undeniable
that there are differences in reporting trends among countries
and regions, we believe that, in today’s world of instantaneous
information dissemination, the regional specificity of news
articles is becoming smaller, and the problems caused by
negative articles are common to all regions.

B. Negative impacts of biased information

News with a highly emotional polarity bias often includes
the reporter’s emotions and personal opinions. Presenting
multiple such news stories may provide readers with biased
perspectives and stimuli. Regina et al. studied young peo-
ple’s consumption of news and found that they preferred
biased news of their own taste rather than news of a public
nature [15]. They tended to prefer news that included the
author’s opinions and emotions rather than news articles with
an objective point of view. Strongly opinionated articles can
narrow users’ perspectives, make it difficult for them to
consider different points of view, and cause a division between
the community and the public [16], [17]. Information eclipse
can also cause the so-called filter bubble problem in which
algorithms biasedly recommend similar articles according to
past user behavior logs, thus accelerating the recommendation
of highly stimulating articles and leading to a cycle of provid-
ing biased viewpoints. Tomlein et al. reported that, in response
to the filter bubble problem in misinformation on YouTube,
one can escape from this problem by viewing videos that
negate the misinformation [18]. Getting out of this information
vortex is not an easy task, as it requires users to choose
the information to which they are exposed to, and this may
require an approach from service providers. In the case of
news programs and newspapers, where the content that users
are exposed to is managed by humans, it is possible to strike
a balance by placing positive information next to negative
information. However, online news providers that deliver news
mechanically, without human intervention, are not operating
with this point in mind. In order to prevent such information

bias, diversity has recently been evaluated [19], [20], and a
content recommendation method has been proposed to prevent
bias in polarity when diversifying emotional polarity [21]. On
the other hand, these efforts targeting the emotional polarity of
news articles have been limited to simulations using mechan-
ically generated simulated data or user interviews with small
sample sizes in surveys targeting actual users. In contrast to
these previous studies, we investigated user behavior across
multiple metrics on a large news platform using article labels
based on human cognition.

III. METHOD

A. Target news service

In this study, we analyzed Gunosy1, one of Japan’s most
well-known news recommendation applications. In this appli-
cation, users can browse a list of article titles on the home
page and freely click on articles of interest to view their
full text. The user can return to the home page at any time
while browsing the content of an article and can search for
the article of interest again. The order of the articles on the
home page is such that the top 1 to 5 articles are topical
and public articles selected by the editors, while the rest are
recommended by a personalization algorithm that differs for
each individual. This study aimed to analyze the consumption
of articles recommended by the algorithm, and articles selected
by editors were excluded from the analysis.

B. Dataset

We collected data on approximately 300,000 articles over
the course of one month on the application. The news articles
posted by the site come from over 100 media outlets and
sources, including traditional media outlets such as television
stations and newspapers, as well as emerging Internet news
sites. While news articles may capture readers’ attention with
exaggerated titles, they may also contain content that differs
from the title or contain clickbait that is not substantial in
the body of the article [22]. However, as the service we used
in this study includes only articles from reputable publishers
that have undergone content screening, there is a certain
degree of guarantee of correspondence between the article title
and the article text content. We used the top 1,000 articles
viewed per day to create a dataset of about 120,000 articles
and user behavior logs between 30 June and 31 July 2021.
From these, we randomly selected 1,250 articles each from
society, entertainment, sports, and science and technology
(ScienceTech) categories to create a dataset of 5,000 articles.

C. Labels for emotional polarity

As depicted in Fig. 1, we utilized Lancers2, a major
crowdsourcing site in Japan, to gather the labeling outcomes
of five workers for each of the 5,000 articles. Each article
was assigned one of three emotional polarity labels (positive,
neutral, or negative), following the labeling rules established

1https://gunosy.com/
2https://www.lancers.jp/



Fig. 1. Description shown to workers on the crowdsourcing task.

TABLE I
EXAMPLES OF ARTICLE TITLES AND INFERENCE POLARITY LABELS

Title Label

X and Y celebrate 80 years of marriage. Positive
Large whales appeared on X beach yesterday. Neutral
Scenes from a destroyed school: 20 people killed by dropped bombs. Negative
Was X in poor health? On the sudden death of a famous actor. Negative
What caused the chaos that erupted in the Champions League? Negative

by our researchers. When we recruited workers to obtain labels
that more closely resembled the actual users, we attracted
nearly 100 men and women in their 20s to 60s from various
occupations. After completion, we aggregated the labels and
found that 3,358 out of 5,000 articles (approximately 67%)
received the same label from at least four of the five raters.
Few labels were divided between positive and negative by
multiple raters. This high concordance rate indicates that the
sentiments received from news articles are generally consistent
regardless of social status, while reflecting, to some extent, the
diversity of individual workers in different social settings. To
aggregate labels and obtain emotion labels for each article, we
used the generative model of labels, abilities, and difficulties
(GLAD) [23], which uses the expectation–maximization (EM)
algorithm [24] to estimate the difficulty of the task and the

ability parameters of the worker and predicts the true correct
answer from these values. Table I shows examples of articles
used in this study.

Table II shows the number of articles per category. Although
the articles were randomly sampled, it was observed that there
were more articles with negative labels in the society category
and more articles with positive labels in the ScienceTech
category.

IV. ANALYSIS

For these 5,000 articles, we conducted an analysis to an-
swer the following two research questions with the following
evaluation indicators:

• RQ1. What differences in CTR, dwell time, and bounce
rate are observed for different emotional polarities?



TABLE II
DATA BREAKDOWN AFTER AGGREGATING LABELS FROM THE

CROWDSOURCING RESULTS

Categories Positive Neutral Negative

Society 254 273 723
Entertainment 690 299 261

Sports 739 194 317
ScienceTech 891 272 87

Total 2,574 1,038 1,388

• RQ2. How does the relationship between time spent and
the number of words differ by emotional polarity?

A. Indicators

• CTR: CTR is the ratio of the number of clicks to the
number of times content is viewed and is a common
metric used to optimize content placement and search
rankings. A high CTR indicates that many users find
the content relevant and interesting, and that personalized
articles match user preferences.

• Dwell Time: Dwell time represents the time from when
a user clicks on an article title, accesses a web page
or content, and leaves, and it is one of the common
indicators for understanding user satisfaction. A longer
dwell time indicates that the web content is providing
valuable and engaging information to the user.

• Bounce Rate: The bounce rate is the percentage of
visitors who leave the article page shortly after accessing
it. A high bounce rate indicates that users quickly lose
interest in the article. Considering that the news articles
used in this experiment have a smaller volume of content
than typical web content, and the distribution of total time
users spend in the article body, we set the threshold to
2.0 seconds.

• Article Length: This indicator represents the length of
the article body (number of characters) and is intended
to investigate the relationship with dwell time. Since the
number of headlines, images, and layout of published
articles are typically standardized in the news services
used in this study, the dwell time is expected to be less
affected by factors other than article length.

B. Analytical Method

To avoid the business risk of disclosing the raw indicators,
we normalized the data by setting their mean value to 1 and
showed their relative differences.

1) RQ1: Differences in index values by emotion: We exam-
ined the differences in trends between categories for the three
emotional polarities of positive/neutral/negative and identified
which polarity pairs showed differences. As the distribution
of each indicator for all articles did not follow a normal
distribution, the Mann–Whitney U test [25] was used instead
of the t-test. Since we conducted pairwise tests for each cate-
gory, a total of 12 tests were carried out, and the Benjamini–
Hochberg method [26] was applied to adjust the p-values of

each pair, with a false discovery rate of 0.05 for multiple
testing correction. It also presents effect sizes calculated by
cliff delta [27], using the U statistics, with absolute values
of 0.147 indicating a small effect size, 0.33 indicating a
medium effect size, and 0.474 indicating a large effect size, in
comparison to the commonly used Cohen’s d effect sizes [28]
of 0.2 (small), 0.5 (medium), and 0.8 (large) [29]. In this
experiment, based on the above, pairs showing an effect size
of approximately 0.3 or greater were highlighted as a rough
guide to the effect size.

2) RQ2: Emotions and their relationship to dwell time and
the article length: Based on the hypothesis that longer articles
tend to have longer dwell times, we examined the relationship
between the number of words in the body of an article and
dwell time in relation to emotional polarity.

V. RESULTS

A. RQ1: Differences in index values by emotion

Fig. 2 shows box-and-whisker plots for evaluation indicators
by news category and emotional polarity, with the upper
and lower bounds (1.5×IQR[interquartile range]) away from
each quartile point. Regarding the CTR (Fig. 2a), the CTR
of negative articles was more highly distributed than that of
positive and neutral articles, and the difference in means was
statistically significant at p < 0.001 for both positive and
neutral articles. In terms of dwell time (Fig. 2b), negative
articles generally had longer dwell times, except for those
in the society category. In all news categories, pairs with
different emotional polarities showed statistically significant
differences. As for the bounce rate (Fig. 2c), there was a
decreasing trend in the IQR range as the emotional polarity of
the articles became more negative in all news categories. The
statistical significance of the differences in means varied by
category. Table III summarizes the p-values and the effect sizes
by Cliff’s delta. Many of the pairs were statistically significant
when the effect size was large.

B. RQ2: Emotions and their relationship to dwell time and
the article length

Table IV summarizes the number of characters in the body
of the article and Pearson’s correlation coefficients between
word count and dwell time.

VI. DISCUSSION

A. Differences in index values by emotion

In all categories, negative articles had a higher CTR than
articles with other polarities, indicating that users are more
likely to click on negative articles when they are displayed in
the list of articles. In addition, in many categories, the dwell
time of negative articles is greater than that of articles with
other polarities, while the bounce rate is lower for negative
articles, indicating that users stay in the articles longer. This
suggests that users are more likely to engage with negative
articles and to stay on the page longer after clicking on the
title of a negative article. As shown in Table III, the areas
where the effect size stands out are mainly in the entertainment



(a) CTR for each category. Negative labels
for all categories are significantly higher
than other labels.

(b) Dwell time for each category. Significant
differences are found in all categories for
all polarity pairs.

(c) Bounce rate for each category. In all
categories, values decrease as label polarity
goes from positive to negative, but pairs
with significant differences vary
by category.

Fig. 2. User activities for each emotional polarity label. We conducted Mann-Whitney U test with the Benjamini–Hochberg correction. In each figure, asterisks
denote p-values: * for 0.01 ≤ p < 0.05, ** for 0.001 ≤ p < 0.01, *** for 0.0001 ≤ p < 0.001, and **** for p < 0.0001. Note that the values are
displayed as multiples of the mean value of 1.0 since there is a business risk to exposing raw metrics.

TABLE III
DIFFERENCES IN MEANS AMONG DIFFERENT POLAR PAIRS WITHIN EACH INDICATOR

Category Group Pair CTR Dwell Time Bounce Rate

p-value †effect size p-value †effect size p-value †effect size

Society
Pos. vs. Neg. 3.940E-04 *** −0.165 1.533E-03 ** −0.149 1.119E-06 **** 0.206
Pos. vs. Neu. 9.940E-01 −0.018 5.759E-06 **** −0.244 5.175E-01 0.033
Neu. vs. Neg. 2.791E-04 *** −0.167 4.897E-03 ** 0.093 5.866E-06 **** 0.186

Entertainment
Pos. vs. Neg. 4.051E-08 **** −0.230 8.002E-42 **** −0.569 4.574E-11 **** 0.276
Pos. vs. Neu. 2.870E-01 −0.049 1.831E-14 **** −0.312 8.447E-07 **** 0.197
Neu. vs. Neg. 6.593E-05 **** −0.201 3.943E-09 **** −0.293 1.592E-01 0.069

Sports
Pos. vs. Neg. 1.160E-13 **** −0.314 2.038E-24 **** −0.419 1.244E-16 **** 0.321
Pos. vs. Neu. 2.591E-01 −0.084 5.610E-07 ** −0.260 1.237E-01 0.072
Neu. vs. Neg. 2.242E-06 **** −0.274 7.121E-03 **** −0.169 2.307E-07 **** 0.273

ScienceTech
Pos. vs. Neg. 7.522E-04 *** −0.222 9.220E-08 **** −0.350 2.660E-03 ** 0.195
Pos. vs. Neu. 4.903E-01 0.016 4.028E-05 **** −0.175 3.029E-01 * 0.037
Neu. vs. Neg. 7.280E-04 *** −0.246 2.476E-02 * −0.166 3.507E-02 0.146

† The effect size with an absolute value of approximately 0.3 or more is shown in bold.

and sports categories, which means that people are particularly
enthusiastic about negative articles in the entertainment and
sports fields. Regarding RQ1, articles with a negative polarity
were more likely to be consumed for a longer period of time
and at a higher rate than articles with other polarities, but this
trend varied by category.

B. Emotions and their relationship to dwell time and the
article’s body length

For categories other than ScienceTech, a correlation of 0.4
or higher was observed between the length of the article
and dwell time for negative articles, suggesting that negative
articles tend to hold users’ attention longer as the length
of the article increases. However, in the entertainment and
sports categories, negative content had a longer dwell time,
even when the article length was shorter than that of other

polarities, suggesting that negative content efficiently captures
users’ attention even with a shorter article length. Other than
negative articles, other articles with high correlation values
include positive articles in the society category and neutral
articles in the sports category, which may attract users by
making these articles more substantial and with larger content.
In response to RQ2, there is an overall positive correlation
between article length and time spent, regardless of polarity,
with negative articles in many categories showing a slightly
stronger correlation of r = 0.4 or greater.

VII. CONCLUSION

In this study, we present the first comprehensive analysis of
the impact of negative news articles on user behavior using
a large dataset of news articles. Our results indicate that
articles with negative polarity are more likely to be clicked,



TABLE IV
RELATIONSHIP BETWEEN DWELL TIME AND NUMBER OF CHARACTERS

Category Society Entertainment Sports ScienceTech

Sentiment Positive Neutral Negative Positive Neutral Negative Positive Neutral Negative Positive Neutral Negative

Character Count 0.834 1.441 1.207 0.910 0.991 0.858 0.771 1.018 0.739 1.177 1.463 1.188

Correlation with
Dwell Time 0.529 0.309 0.507 0.277 0.169 0.426 0.357 0.559 0.445 0.365 0.268 0.184

stay longer, and have a lower bounce rate than articles with
other polarities. In addition, many categories show a positive
correlation of over 0.4 between the number of characters and
the time spent on negative articles, suggesting that users are
more engaged with the content. These findings suggest that
the emotional polarity of articles has a significant impact on
user behavior and can inform efforts to create a safer platform
for both news providers and their users.
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